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ABSTRACT  
The primary objective of this thesis is to define and propose a method to quantify the traits of disease 
tolerance and disease resilience in the pig using records routinely collected on Australian commercial 
piggeries. It was hypothesised that standard records are sufficient to quantify disease tolerance and 
disease resilience, and selection criteria for these traits will be able to be defined.  
There is currently no definitive way to measure disease tolerance using existing data because 
an unbiased estimate requires measures of internal pathogen burden. Investigations shifted to disease 
resilience, defined as the ability to maintain performance and health despite infection challenges in 
the environment, by utilising both mechanisms of disease tolerance and disease resistance. Variation 
in resilience can be assessed using a genotype by environment interaction (G×E) approach. 
On-farm infection challenges cannot be considered independently, and all challenges in the pig 
environment were firstly considered. The environmental trajectory was quantified using the mean 
performance of contemporary groups (CGs), adjusted for systematic and genetic effects. The 
performance traits upon which CG estimates were derived were extended to include additional growth 
traits, daily feed intake, backfat and muscle depth. These traits appear to capture different aspects of 
the environment. The multi-trait approach, sire interaction models and reaction norm models were 
used to assess G×E. While alternative traits capture different aspects of the environment and provide 
a more objective measure of the environment, there was no one trait that was consistently superior to 
use to assess G×E. Multiple phenotypes should be explored and the ideal trait may be on an individual 
herd basis. 
To obtain a measure of only infection challenges, the seasonal effects captured by CG estimates 
were partitioned by 1) fitting climatic variables as splines in the models to estimate CG effects, and 
2) seasonal decomposition using locally weighted regression. Out of the climatic variables explored, 
minimum monthly temperatures accounted for the most environmental variation captured by CG 
estimates, and this definition of the environment provided the greatest ability to detect G×E for 
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growth. Seasonal decomposition was more effective in removing seasonality in the CG estimates, and 
the trend and residual components together may be seen as a measure of challenges other than 
seasonal effects. However, the strongest linear relationship with frequency of medication was with 
the overall environmental descriptor that encompassed all challenges (unadjusted for any climatic 
effects and also not seasonally decomposed) (r = -0.29). Therefore, CG estimates of growth reflect 
the health challenges present in a herd. This further supports a systems approach for the genetic 
improvement of health. 
Sufficient infection challenges are required for the evaluation of disease resilience. Since this 
may be limited in high-health herds, a health trait was defined as a binary trait using medication 
status. Health defined this way was found to be lowly heritable (
2hˆ = 0.06 ± 0.04), even in a high-
health herd. Defining health through simple medication records is a practical way to supplement the 
benefits of genetic improvement of growth, and provide additional information for pig breeding 
programs. 
While it may not currently be possible to quantify disease tolerance using routinely collected 
on-farm records, the health challenges reflected in CG estimates of growth allow evaluation of disease 
resilience, and a health trait can also be defined by medication status. Therefore, there are 
opportunities to use routinely collected on-farm records for the genetic improvement in not only 
productivity, but also for health in the growing pig.   
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CHAPTER 1 
 
General Introduction 
 
1 INTRODUCTION 
2 
 
The traditional focus of breeding programs in livestock production worldwide has been on 
productivity. The average annual genetic gain of the Australian pig population between 2000 and 
2005 was estimated at +5.02 g/day for growth rate and -0.15 mm for backfat (Hermesch 2006). 
Although the modern pig may have the genetics to be highly productive, selection for productivity 
alone has placed pressure on behavioural, physiological, reproductive and immunological functions, 
and has impacted the ability of pigs to cope with challenges (Rauw et al. 1998; Prunier et al. 2010; 
Knap 2012). Combined with increased societal consciousness in animal production, breeding 
programs have shifted in emphasis to include health and welfare traits (Kanis et al. 2005; Knap 2012; 
Merks et al. 2012). The role for selective breeding of these traits has been highlighted across various 
livestock species (Animal Genetics and Breeding Unit 2016). Therefore, there are opportunities for 
genetic improvement for both productivity, welfare and health.  
The genetic improvement for health traits and welfare traits in the pig was reviewed by   
Hermesch (2016). The World Organisation for Animal Health (2016) Terrestrial Animal Health Code 
states that "animal welfare means how an animal is coping with the conditions in which it lives". It is 
the robustness of an animal that allows it to cope with and be resilient to external stressors, in order 
for unproblematic expression of high production potential in a wide variety of environmental 
conditions (Knap 2005). Selection for robustness traits, as well as production traits, can be achieved 
by broadening the definition of breeding objectives to include additional traits, and no trait group 
should be seen in isolation (Hermesch et al. 2015). When genotypes differ in robustness (i.e. differ 
in response to varying environmental conditions), this can be categorised as a genotype by 
environment interaction (G×E). The analysis of G×E can allow for identification of the pig genotypes, 
and breeds or lines, which remain healthy and highly productive across a variety of environments.  
 
1 INTRODUCTION 
 
3 
 
ROBUSTNESS AGAINST INFECTION CHALLENGES 
Although the majority of Australian piggeries rely on antibiotics classified as 'low' importance in 
human medicine (Jordan et al. 2009), there has been evidence of antimicrobial resistance to pathogens 
sampled in pig carcases that are of significant importance to human health (Smith et al. 2010). This 
highlights the need for robustness against the specific challenge of infectious agents. Breeding for 
pigs that are robust against infection challenges not only minimises veterinary interventions, but will 
also result in more predictable and consistent production of pork, despite these challenges. Animals 
can be robust against pathogens and maintain health and productivity by responding appropriately to 
either block entry, infection or growth of the infectious agent. Alternatively, animals may respond 
appropriately to minimise and counteract the effects of infection. From this, three classes of host 
defence mechanisms have been identified: disease resistance, disease tolerance and disease resilience. 
Disease resistance has received much attention in the past and is well characterised. It can be 
defined as the active reduction of pathogen burden by inhibiting infection and reducing pathogen 
growth rate. The difference between the mechanisms of disease resistance and disease tolerance are 
increasingly being acknowledged (discussed in Chapter 2). However, despite what may appear as 
minor semantics, there has yet to be a universally agreed upon distinction between disease tolerance 
and disease resilience. This thesis defines disease tolerance as the ability to maintain performance 
and health despite increasing internal pathogen burden, by counteracting the damage caused by the 
pathogen. Meanwhile, disease resilience is defined as the ability to maintain performance and health 
despite infection challenges in the environment, by utilising both mechanisms of disease resistance 
and disease tolerance. In this thesis, the way that disease tolerance and disease resilience are primarily 
distinguished from each other is through the location of the infection challenge – an unbiased estimate 
of tolerance requires measures of internal pathogen load, while resilience describes response to 
infection challenges in the environment (further discussed in Chapter 3).  
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The trait of disease tolerance has been conceptually defined and quantified using specific 
measures of infection challenge in laboratory animals (Lough et al. 2017). However, the goal of the 
animal breeder is to make the best use of the available records to maximise the probability of selecting 
the best animals (Van Vleck et al. 1987), and more practical and readily implemented ways are needed 
to routinely evaluate disease resilience and disease tolerance in breeding programs. Standard 
performance records should first and foremost be explored for optimum benefit to livestock industries 
Therefore, this thesis has restricted investigations to using the data that are typically collected on an 
Australian commercial piggery.  
It should be acknowledged that genomic information has been useful in exploring the genetic 
architecture of complex traits, although it would be difficult, if not impossible to determine the action 
of individual trait genes (Hill 2010). With the use of standard industry records in this thesis, the 
approaches investigated assume the polygenic model, where the continuous variation of a trait is 
assumed to be caused by a large number of segregating genes, and additive genetic variation is 
captured by pedigree relationships. 
Disease tolerance and disease resilience have been characterised against specific pathogenic 
challenges that cause epidemic diseases. An example of this is disease tolerance and resilience against 
Porcine Reproductive and Respiratory Syndrome by Mathur et al. (2014) and Rashidi et al. (2014). 
However, the high biosecurity systems in Australia have protected the pork industry from many 
devastating epidemic diseases. Therefore, this thesis reports investigations on disease tolerance and 
resilience against endemic challenges commonly experienced by pigs on farms, rather than in 
response to a specific challenge.   
If variation in disease tolerance and disease resilience has a genetic basis (i.e. G×E), then it is 
heritable, and selection has the potential to maintain, or even increase, the capacity of individuals to 
adjust their response according to the environmental trajectory. Selection for disease tolerance and 
resilience is not simply selection for performance, because it is a two-dimensional trait that requires 
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measures of both level of challenge and a performance response. Precise measures of environments 
are crucial for any G×E study (Huquet et al. 2012). And it is the ability to quantify infection challenge 
levels (internally and in the environment) using the data available that is the largest barrier for routine 
genetic evaluation for disease tolerance and disease resilience.  
THESIS OBJECTIVES AND RESEARCH QUESTIONS 
The primary objective of this thesis is to define and propose a method to quantify the traits of disease 
tolerance and disease resilience in the pig using records routinely collected on Australian commercial 
piggeries. It was hypothesised that standard records are sufficient to quantify disease tolerance and 
disease resilience, and selection criteria for these traits will be able to be defined. In order to test these 
hypotheses, several research questions were investigated: 
 How do the mechanisms of disease tolerance, resilience and resistance differ, and are existing 
data structures sufficient to model and quantify these traits?  
 If the pig environment is quantified through contemporary group estimates, which phenotypic 
traits should we base these estimates on? 
 Since contemporary group estimates capture all known and unknown challenges experienced, 
how do we refine this measure to include only infection challenges?  
 Do these refined contemporary group estimates reflect of the health challenges captured by 
medication records? Can these be used as a proxy of infection challenges for the definition of 
disease resilience?  
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THESIS OUTLINE 
The following is a description of the thesis outline, where the general themes reflect research 
questions above. 
The initial focus of this thesis in 2012 was on disease tolerance. Chapter 2 is a review of 
literature to distinguish between the mechanisms of disease resistance from disease tolerance, and the 
variables needed to quantify disease tolerance are assessed. Since the publication of this chapter in 
2012 and the subsequent research on this trait, the focus of this thesis changed to disease resilience. 
Chapter 3 provides an update on literature and justification for this shift.  
The ability to measure the trait of disease resilience relies on the quantification of the 
environmental infection trajectory. The first research theme of the thesis investigates use of routinely 
collected records to quantify the overall environmental challenges of the pig. Members of a 
contemporary group are assumed to experience the same environmental conditions at a certain point 
in production. Therefore the performance means of contemporary groups (known as contemporary 
group estimates or estimates of contemporary group effects), adjusted for genetic and systematic 
effects, provide a measure of the environment. Estimates of contemporary group effects are used as 
environmental descriptors for the evaluation of G×E and sire by environment interactions (Sire×E) 
for growth using various statistical models in this thesis. Chapter 4 investigates contemporary group 
estimates of average daily gain and contemporary group estimates of backfat, used as environmental 
descriptors for the analysis of G×E using the multi-trait approach. Chapter 5 explores use of 
contemporary group estimates of additional traits (muscle depth and daily feed intake), to produce a 
combined overall environmental index through principal component analysis, and S×E is analysed 
using the sire interaction model. Since the multi-trait and interaction model approaches partition the 
contemporary group estimates into environmental categories, modelling as continuous environmental 
descriptors in sire reaction norm models is explored in Chapter 6. Contemporary group estimates for 
additional growth traits defined at different time periods are considered.  
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The second research theme of the thesis is refining contemporary group estimates to quantify 
only the infectious environmental challenge. All known and unknown challenges are assumed to be 
captured in contemporary group estimates. These challenges captured can be further extended to 
include any abiotic and biotic challenges. To obtain a finer definition of the unknown challenges of 
the environment, which may include infectious challenges, contemporary group estimates are 
adjusted for the known climatic effects of temperature and rainfall in Chapter 7. Since these 
contemporary group estimates adjusted for temperature and rain still exhibit seasonality, Chapter 8 
explores seasonal decomposition of contemporary group estimates to extract the time series 
components of long-term trend, seasonal trend, and short-term residual or unexplained perturbations. 
The various definitions of the environment derived were aligned to the challenges characterised by 
on-farm medication records in Chapter 9. Further, a health trait of the growing pig was derived using 
medication status.  
The broader implications of research results and implications to industry are presented in 
Chapter 10. Recommendations are provided for further investigations on the practical approaches to 
the genetic improvement of disease tolerance and disease resilience in the pig.  
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The contribution this publication makes to this thesis is to answer the first research question:  
 
"How do the mechanisms of disease tolerance, resilience and resistance differ, and are existing data 
structures sufficient to model and quantify these traits?" 
 
This literature review aims to conceptually distinguish the mechanisms of disease resistance from the 
mechanisms of disease tolerance and disease resilience, to discuss the possible consequences of 
selection for either of these defence mechanisms, and to evaluate how existing literature have defined 
these traits across various species. Data routinely recorded on an Australian commercial piggery for 
the definition of disease tolerance were critically evaluated.  
It was concluded that the genetic evaluation of disease tolerance traits on-farm requires a multi-
dimensional approach. Unlike definitions of disease tolerance in a laboratory, infectious challenges 
are not independent from environmental influences. Therefore, consideration must be given to not 
only the measure of infectious challenges, but also to measures of other environmental challenges 
that pigs may also be experiencing. 
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ABSTRACT 
The benefits of improved health and welfare in pigs have driven refinements in management and 
selection practices, one of which is the production of pig phenotypes that can maintain health and 
productivity by improving response against pathogens. Selection has traditionally been made for host 
resistance; but the alternative host defence mechanism – host tolerance – is now being considered, as 
breeding for disease tolerance allows maintenance of high performance across environments of 
increasing pathogenic load. A distinction must be made between these two mechanisms as they vary 
in their influence on host-pathogen interactions and pathogen evolution, and consequently on the 
results of breeding programs. Many pig production studies have failed to distinguish between 
resistance and tolerance; although a distinction may not always be possible. This article reviews 
current perspectives in selective breeding for disease resistance and tolerance in growing pigs, and 
the attendant industry implications. To assess the viability of breeding for resistance and/or tolerance 
for improved response to disease and other environmental challenges, we propose the use of routine 
farm records, instead of data measurements taken from laboratory experiments. Consequently, a 
number of factors need to be taken into account simultaneously for a multidimensional modelling 
approach. This includes not only genotype and disease variables, but also descriptors of the 
environment, as well as any possible interactions. It may not be feasible to record individual pathogen 
loads, and therefore true tolerance, on farm using routinely collected data. However, it may be 
estimated with group (farm) means, or other proxy measures. Although this results in a bias, this may 
still be useful for modelling and quantifying resistance and tolerance. We can then quantify success 
of selection, and this may enable us to decide whether to select for disease resistance versus disease 
tolerance.  
Keywords: host defence strategies, reaction norm, resistance, tolerance, pig breeding 
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INTRODUCTION 
The increase in societal pressure for sustainable pork production that incorporates optimum health 
and welfare highlights the need for alternative, more holistic approaches in genetic selection programs 
(Kanis et al. 2005; Knap 2012; Merks et al. 2012). The long-term focus of pig breeding programs 
worldwide has traditionally been for high productivity. This has resulted in an increase in behavioural, 
physiological and immunological problems, greater susceptibility to stress and disease (Rauw et al. 
1998; Prunier et al. 2010),  and an increasing difficulty for the highly productive pigs to cope with 
environmental challenges  (Schinckel et al. 1999). 
The environment of the pig may be a determinant of disease manifestation, and although its 
control to meet pig requirements improves production and reduces stress (Black et al. 2001), it may 
neither be economically feasible nor necessarily possible in all circumstances to control 
environmental conditions (Kerr & Hines 2005). For example, pigs selected in high-health 
environments, usually observed in nucleus herds, may not perform as well in the more challenging 
environments possibly observed on commercial farms. Clearly an absence of genotype by 
environment interaction is preferred so that animals would remain healthy across varying 
environments and pathogenic challenges. One way of maintaining health is to build host defence 
mechanisms against challenges, the two strategies being resistance and tolerance (Frontiers in 
Genetics 2012).  
There have been several recent reviews comparing disease resistance and tolerance in the plant 
or ecological literature (Baucom & de Roode 2011; Detilleux 2011). The epidemiological 
consequences of breeding for disease tolerance in livestock have been briefly discussed by Bishop et 
al. (2002), although disease resistance was the main focus of the discussion.  More recently, Råberg 
et al. (2009) discussed the implications of disease tolerance in animals, although the examples used 
were predominantly based on mouse populations in laboratory conditions. However, these authors 
also highlight the usefulness of defining disease tolerance as a reaction norm for animal breeding 
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applications, as has been done in plant breeding. A reaction norm quantifies the response of a 
genotype to varying environmental conditions, and variation in pathogen load is commonly used in 
reaction norm models to quantify disease tolerance of different genotypes.  
The primary aim of this article is to discuss and disentangle the mechanisms of resistance and 
tolerance to disease and environmental challenges, with specific reference to pig production and its 
practical application. These two host defence strategies are distinguished by consequences of 
selection and of host-pathogen co-evolution, immunological mechanisms and physiological 
measures. This review also assesses the use of routinely collected on farm records as possible 
variables and data structures to quantify resistance and tolerance. A general framework to model the 
relationship between these variables and possible outcome measures is also described. Selection for 
pigs that perform in a wide range of environments should incorporate not only ability to cope with 
pathogenic challenge(s), but also any environmental perturbations, which are often omitted in the 
modelling and prediction of resistance and tolerance.  
 
DEFINING RESISTANCE AND TOLERANCE  
Disease resistance can be defined as the active reduction of the pathogen burden or prevalence by 
inhibiting infection and reducing pathogen growth rate (Best et al. 2008). In pig breeding, the term 
disease resistance has been generally used when aspects of genetic improvement of the health status 
of pigs have been discussed (Rothschild 1998; Doeschl-Wilson et al. 2009). The genetic control of 
disease susceptibility in pigs against the bacteria Escherichia coli is an example of disease resistance. 
A single allele is responsible for adhesion factors receptors in the host gut, which allows binding and 
infection of various E. coli strains (Gibbons et al. 1977). A homozygous recessive pig lacking these 
receptors avoids binding of the bacteria and is therefore a disease resistant animal (Gibbons et al. 
1977). 
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Tolerance can be defined as a host ability to limit the detrimental impact caused by a pathogen 
by counteracting the damage (Råberg et al. 2007; Read et al. 2008; Schneider & Ayres 2008; Rohr 
et al. 2010). A tolerant host will therefore be more able to maintain productivity than a non-tolerant 
host, despite increasing pathogenic burden. The first example the authors are aware of that recognises 
genetic differences in disease tolerance in animal breeding is by Atkins and Mortimer (1989), who 
used reaction norms to find differences in the response to varying incidence of fleece rot and body 
strike in sheep flocks. The genetic differences in tolerance in pigs were demonstrated by Potter et al. 
(2012) when average daily gain declined more strongly with increasing viral serum levels for 
purebred Duroc than synthetic White Pietrain pigs, although it was not termed as ‘tolerance’. 
It should be noted that in the ecological literature, the response of a resistant and/or tolerant 
individual is described as fitness and survival (Baucom & de Roode 2011), whilst in an animal 
production context the response can also include productivity and health. It is important to recognise 
this as the inclusion of breeding for tolerance must also be economically viable, with improved 
productivity being the ultimate aim. This leads us to the distinction between terms tolerance and 
resilience, the latter being defined by Albers et al. (1987) as the “ability to maintain a relatively 
undepressed productivity level when infected”. The term resilience usually conflates the two 
mechanisms of host defence, resistance and tolerance. Depression in live weight gain due to infection 
was used by Albers et al. (1987) to measure disease resilience. Bisset and Morris (1996) point out 
that disease resilience defined in this way based on measurements available on farm may make use 
of the mechanisms of both resistance and tolerance. Breeding for resilience to nematode infections 
has been explored in sheep (Albers et al. 1987; Bisset & Morris 1996; Gray 1997). The inclusion of 
resilience in a productivity index was trialled with six New Zealand ram breeders, and although 
progress was slow due to low heritability, it was found to be practical and feasible (Morris et al. 
2004). Recently, Morris et al. (2010) showed that selection for more resilient lines can delay the time 
until first drench, increase live weight at six months, and decrease breech soiling. These results 
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demonstrate that it is possible to select for both productivity and improved health status by possibly 
making use of the mechanisms of both resistance and tolerance.  
 
DISEASE TOLERANCE: THE DIFFERENCE TO DISEASE RESISTANCE  
From all that has been written on the concepts of resistance and tolerance, it can be concluded that 
the distinguishing factor between the two is the interaction, or lack of, between host and pathogen. 
Unlike resistance, disease tolerance mechanisms do not directly affect the pathogen. However, it may 
not always be possible to make a clear distinction between the two mechanisms. For example, Lewis 
et al. (2007) review the genetic aspects of host responses to porcine reproductive and respiratory 
syndrome (PRRS). Although the authors acknowledge that there is a difference between resistance 
and tolerance, the responses reviewed were not specifically attributed to either of the two 
mechanisms. The phrasing “resistance or tolerance” indicates they were not able to distinguish 
between the two mechanisms.  
 
Influences on host-pathogen interactions (co-evolution) 
Pathogen evolution can counteract the attempts to control infectious disease using genetic 
management strategies, but only the relative, and not absolute, risk of this occurring can be calculated 
(Bishop & MacKenzie 2003). Both mechanisms vary in influences on pathogen prevalence and 
fitness, creating different feedback systems and different evolutionary outcomes that may affect the 
ultimate success of a breeding program.  
Selection for resistance can be seen as a negative feedback system on resistant-allele frequency 
in a population, as the reduction in pathogen prevalence also reduces the fitness advantage of carrying 
resistance alleles (Miller et al. 2005; Råberg et al. 2007). The loss in fitness advantage may limit the 
success of selection for resistance, and simulations have shown that selection for resistance results in 
polymorphisms instead of fixation of resistant alleles in the host (Roy & Kirchner 2000; Miller et al. 
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2005; Best et al. 2008). It can also be argued that mechanisms of host resistance exert a selective 
pressure on the pathogen, resulting in an increase in virulence (Svensson & Raberg 2010). However, 
Bishop and MacKenzie (2003) note that the risk of pathogens evolving in response to this selective 
pressure can be reduced if more than one resistance gene is selected for. Other trade-offs between 
pathogenic responses to host resistance include other aspects of survival, which was demonstrated by 
Kemper et al. (2010); minimal survival outside the host resulted in fixation of the pathogen survival 
allele in a resistant host, whilst a large survival rate outside the host resulted in loss of pathogenic 
resistance to host resistance.  
Alternatively, selection for tolerance imposes a positive feedback system, since the lack of 
impact on the pathogen may increase pathogen prevalence and therefore place additional selective 
pressure on tolerance alleles (Roy & Kirchner 2000; Miller et al. 2005). The fitness advantage of 
tolerant genes increases with incidence of infection, driving tolerance alleles to (Roy & Kirchner 
2000). Also, since there is no direct effect on the pathogen and therefore no direct selective pressure, 
a commensalism relationship between host and pathogen may be the outcome, instead of an 
antagonistic co-evolution (Miller et al. 2006). The pathogen benefits, but the host is neither harmed 
nor benefited, provided the host can tolerate the pathogen damage up to a certain level of pathogen 
load (Miller et al. 2006). 
Although a tolerant population may result in commensal co-evolution between host and 
pathogen, integrating tolerance into a breeding objective has an element of difficulty due to possible 
consequences on herd health. Since there is no adverse effect on the pathogen, selection for tolerance 
allows animals to be a source of infection for susceptible animals and may result in an increase in 
transmission of infection. Breeding for tolerant pigs should therefore be part of a so called integrated 
health herd program (Lewis et al. 2007), which may initially control pathogen load. Such a program 
may also encompass control of other environmental factors, such as air quality, climatic conditions 
in sheds, and other husbandry measures. This approach should be employed not only on one farm, 
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but across an entire industry (Lewis et al. 2007), with appropriate surveillance programs, such as 
abattoir health monitoring. 
 
Immunological mechanisms  
The most direct approach to selecting for improved health of pigs is observation and selection of 
breeding stock according to disease status (Rothschild 1998). However, a pig may be infected by a 
pathogen but may not always display clinical disease. An indirect indicator for disease incidence or 
animal health status is measurement of immune responsiveness. Immunological traits have been 
found to be associated with performance (Clapperton et al. 2008; Clapperton et al. 2009). 
Immunological traits have also been found to display genetic variation, within and between breeds 
(Henryon et al. 2006; Clapperton et al. 2009; Flori et al. 2011), demonstrating the possibility of 
breeding for resistance, tolerance, or both, through selection of an immune response. Mallard et al. 
(1992) challenged pigs with Hen Egg White Lysozyme (HEWL), synthetic peptide TGAL and sheep 
erythrocytes, and selected according to antibody and cell-mediated response (adaptive immunity), 
and monocyte function (innate immunity) of Yorkshire pigs. The heritability of these immunological 
traits ranged from 0 for monocyte function to 0.25 for secondary antibody response to HEWL. After 
eight years of selection, two distinct lines were formed: a high immune response (HIR) and low 
immune response (LIR).  
This selection experiment also demonstrates that selection for response against a specific 
pathogen may have unfavourable consequences for other traits. After eight generations of selection, 
the HIR line had a higher incidence of arthritis after Mycoplasma hyorhinis challenge (Wilkie & 
Mallard 1999). Furthermore, selection for response against one specific pathogen may have 
unpredictable effects to the response against other pathogens. Therefore, selection criteria and 
possible consequences of selection strategies should be assessed thoroughly before incorporation into 
a breeding program. Improving the understanding of specific immune functions in the distinct 
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mechanisms of disease resistance versus disease tolerance will hopefully help avoid unfavourable 
correlated responses. 
It should also be noted that different immune responses (including innate, cellular and humoral) 
are produced for different pathogens, and higher levels of immune responses may not always lead to 
or indicate improved resistance (Adamo 2004). Many studies assume that a low immunological 
response corresponds to a lower disease resistance, which may not necessarily be true. This is because 
the correlations between assays of immunity and disease resistance may be weak and pathogen-
specific (Adamo 2004). Different types of pathogens may elicit a different strength of response 
varying in time, space and type. The variable immune response of the pig to different pathogenic 
challenges was highlighted by Salak-Johnson and McGlone (2007). Therefore, the type of immune 
response should be analysed critically before attempting to measure resistance and/or tolerance.  
Bishop and Woolliams (2004) proposed pig genetic improvement by means of increasing 
“generalised immunity” to respond effectively to pathogenic challenge, i.e. promotion of the innate 
immune system. This “immune robustness”, as termed by Kaiser (2010), allows improved 
performance, health and welfare by reducing the impact of subclinical disease. Neither of these 
authors discuss whether a general or robust immunity will be beneficial for maintaining health and 
productivity across varying infection levels. Genetic improvement of disease tolerance implies that a 
genotype by infection level interaction exists for performance, health or immune traits. Genotype by 
PRRS infection level interaction for reproductive traits was demonstrated by Lewis et al. (2009). 
Additional information about potential genotype by health status interactions has been reported by 
Clapperton et al. (2008) and Clapperton et al. (2009), who found different heritability estimates for 
pig herds with different health status for some immune traits. Heritabilities were higher in high-health 
status for CD4+ and CD11R1+ cells in both studies. Estimates ranged from 0.32 to 0.82 in the high-
health, and from 0.07 to 0.57 in the low-health environments for these two traits. However, the higher 
heritability estimates  of 0.37 (± 0.16) for white blood cell counts and of 0.69 (±0.21) for B cells in 
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lower health status presented by Clapperton et al. (2008), were not observed in SPF pigs in the 
subsequent study by Clapperton et al. (2009). These heritability estimates had varying levels of 
precision, with estimates of standard errors ranging from 0.09 to 0.22. Therefore, sampling effects 
may have contributed to the discrepancies in estimates of heritabilities and further large scale studies 
are required to determine whether genotype by infection level interactions exist for immune traits.  
Many studies have not been able to distinguish between the immune response for disease 
resistance and tolerance. For example, the Lewis et al. (2007) review identified immunological 
mechanisms of host response to PRRS, but the authors were not able to conclude whether the immune 
responses were responsible for virus resistance (eradicating the virus from the host) or tolerance 
(negating the effects of virus damage). The deficiency of information on the specific immunological 
responses related to tolerance questions the reliability in using these measurements in the 
quantification of and selection for resistance and tolerance.  
With the pig genome characterised and available, it should be acknowledged that marker 
assisted selection and genomic selection can be powerful selection tools for traits that are difficult to 
measure. Further, new developments using molecular information can be used to better understand 
physiological traits, such as immune response to pathogen challenge. Lunney and Chen (2010) 
reviewed the quantitative trait loci (QTLs) and candidate genes for the immune response of disease 
resistance to PRRS. Genomic regions associated with other resistance and tolerance measures have 
also been identified. For example, Boddicker et al. (2012) found viral loads (estimated through blood 
samples) to have a heritability of 0.28, and have detected associations with the genomic regions on 
chromosomes 3, 4 and X. Weight gain had a heritability of 0.26 and was associated with regions on 
chromosomes 1, 4, 7 and 17 (Boddicker et al. 2012). Although the identification of the genes 
responsible for resistance is relevant, the purpose of this article is to discuss how to disentangle the 
mechanisms of resistance and tolerance. Most research has focused on resistance, without making a 
distinction from tolerance. In order to clarify if resistance and tolerance are simply different 
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expressions of the same trait, or indeed are genetically different traits, we first need to estimate the 
genetic correlation ( grˆ ) between these two traits, with different traits indicated by an grˆ  of less than 
one.  Further indications of separate genetic control of these traits can be examined from QTL 
mapping or genome-wide association study (GWAS) approaches.  
Traits that ameliorate the damage caused by the pathogen itself, or the damage caused by the 
host response (such as inflammation) need to be examined in order to quantify tolerance. Bergstrom 
et al. (2012) recently reviewed the innate host tolerance response to enteric bacteria, and verified that 
although resistance and tolerance responses both fight pathogenic challenges, tolerance mechanisms 
repair the damage caused by resistance mechanisms. The authors concluded that resistance and 
tolerance responses seem to complement each other. 
To further understand mechanisms of tolerance, non-pathogenic interactions including non-
reactivity to antigens such as intestinal flora, may be examined. Medzhitov et al. (2012) argue that 
general tolerance mechanisms should result in positive preconditioning, and tolerance mechanisms 
activated against one pathogen would increase tolerance to another unrelated pathogen. However, a 
selection program for disease tolerance without resistance may have consequences not only for herd 
health, as discussed in the 'Influences in host-pathogen interactions' section above, but also 
immunological consequences for the neonatal pig. Neonates are born immunologically naïve (Blecha 
1998), and selecting for tolerance and the possibility of an increase in transmission of infection may 
increase piglet mortality.  
 
ENVIRONMENTAL CHALLENGES 
Maintaining production when facing challenges is part of a host’s phenotypic plasticity, specifically 
how individuals respond to their environment (Roff 1997). With changes in consumer demand for 
welfare friendly pig production, there is a need to breed for genotypes that are less sensitive not only 
to pathogenic challenges but also other environmental challenges (Knap 2005). These challenges 
2 REVIEW OF LITERATURE- DISEASE TOLERANCE 
21 
 
include external stressors such as extremes in temperature, low-quality feed or poor air quality. 
Although all of these challenges may have a significant influence on the performance of growing pigs 
(Black et al. 2001), environmental perturbations are usually not included in the evaluation of 
resistance and tolerance.  
The role of stress in affecting the immune response and the possible interactions with social 
and environmental stressors for the pig were outlined by Salak-Johnson and McGlone (2007). Their 
review demonstrates that the indirect measure of health, and therefore resistance and tolerance, 
through immune responsiveness may not necessarily be independent of the environment. The lack of 
literature that includes environmental factors in the investigation of disease resistance and tolerance 
may reflect the assumption that these environmental factors are supposedly constant. However, when 
using data collected on farm, the environment of the pig may not always be constant. Also, any 
environmental challenges faced are important aspects of resistance and tolerance, especially since the 
effects of all perturbations are cumulative (Black et al. 2001). Therefore, we emphasise the inclusion 
of environmental challenges in models when investigating the mechanisms of disease resistance and 
tolerance.  
Just as the immunological response varies according to class of pathogen, there are various 
physiological responses to environmental stress. They can include chemical/hormonal responses, as 
well as behavioural responses. An extreme example in pig production is the physiological response 
engendered by the alleles of the halothane gene. The halothane genes has been identified as a 
susceptibility gene that enhances occurrence of porcine stress syndrome, which results in pale, soft 
and exudative (PSE) meat and affects multiple performance and carcass traits (Sather et al. 1991; 
Leach et al. 1996; Mérour et al. 2009). Other responses to physiological stress most commonly 
include chemicals and hormones such as cortisol. These physiological responses in pigs were 
reviewed by Kerr and Hines (2005), who introduced the term “stress resistance” which was used 
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interchangeably with “stress tolerance”, showing the two mechanisms have not really been 
distinguished and disentangled.  
It should be acknowledged that the definition of pathogenic infection used in this article 
includes both micro- and macro-parasites, and that disease manifestation may occur indirectly, such 
as by means of ingestion of toxins, including mycotoxins produced by fungi. Since this can be 
considered as an environmental challenge, a measurement of toxin levels can therefore be included 
as a predictor variable in the quantification of disease resistance and tolerance. 
 
QUANTITATIVE ANALYSIS 
The focus of this section is definition and critique of the potential variables that may be appropriate 
for the modelling, quantification and prediction of resistance and tolerance of pig genotypes. 
Although we provide examples of methodology and functions that may be utilised in pig breeding 
programs, this is a generic framework, and specifics depend on the set up of variables used. The 
techniques briefly described are not restricted to classical linear, but may include nonlinear and/or 
non-normal relationships, as mentioned below. Further, they may be extended to mechanistic models 
(Bishop 2010), which attempt to model the biological processes that could drive the outcome, rather 
than being a purely descriptive model. Regardless of the type of modelling undertaken, for optimal 
benefit to the pork industry, attempts should be made to exploit and be based on routine farm records, 
instead of the usual data measurements taken from laboratory experiments.  
 
Constructing a model  
Modelling has been proven to be a useful tool to better understand the complex interaction between 
host response and influencing factors, and to quantify the benefits of selection (Bishop 2010). In the 
simplest case, models connect one or several outcome variables to a set of predictor variables 
according to some function, which may or may not be a simple function. 
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E(Y) = f(x1, x2, , xp) 
where Y is the response variable dependent on the p predictor variables x1, x2... ,xp.  
There are several approaches to modelling such relationships, but they are generally based on 
the change of mean trait values as the host responds to challenges (Buehler et al. 2010). Statistical 
approaches in plant literature can be extended to the quantitative analysis of resistance and tolerance 
in animal production (Råberg et al. 2009). We will now consider the appropriate response and 
predictor variables for model specification.  
 
The response variable 
Resistance is typically measured as the inverse of pathogen burden and the response variable to 
quantify resistance is number of pathogens per host. For example, faecal egg count has been used in 
sheep breeding as a measure of resistance (Albers et al. 1987). Tolerance is defined as the slope of a 
regression of a host’s response to variation in pathogen burden (Simms & Triplett 1994; Råberg et 
al. 2009). The response variable to quantify tolerance may be based on performance measures, health 
status and survival of pigs. For example, growth rate has been used as an indicator of health status of 
pig herds (Clapperton et al. 2009), which may decrease when pigs become infected, even when there 
are no visible signs of disease (i.e. subclinical disease).  
The use of health disease status (yes, no) or clinical signs of disease infection (none, mild, 
severe) as a response variable may not be sufficiently accurate due to subclinical disease. For example 
Williams (1998) raised pigs in low-immune stimulation (vaccination) and high-immune stimulation 
(continuous flow of pigs and no injectable antibiotics) environments, and although both groups 
showed no clinical signs of disease, high-stimulation pigs consumed 5.5% less feed, grew 17% 
slower, produced 17% greater back fat, and 15% less eye muscle area. 
Direct methods of measuring response to changing environments include challenging and then 
observing breeding stock, sibs, progeny or clones of breeding stock after exposure to infectious 
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challenge (Rothschild 1998). Indirect indicators of health can include immunological and 
physiological responses. Reed and McGlone (2000) found that two lines with similar immune status 
exposed to two distinct environments showed different immunological responses, indicating that 
immunological responses may be utilised for an indirect measure of response to change in 
environment. However, immunological measures should be used with caution as a higher response 
may not necessarily indicate a decline in performance or health, as discussed in section 3.2 
(Immunological mechanisms).  
Whether the response trait is labile or non-labile has important implications for a study. If 
looking at a non-labile trait (practically fixed during some period and not easily changeable), more 
observations across multiple individuals need to be used compared to when investigating a labile trait 
(an easily adjustable trait e.g. amount of voluntary feed intake). Since there would be greater 
variability expressed, it may be easier to exploit and select from a response variable that is labile.  
 
The predictor variables 
There are several sets of predictor variables to be considered when modelling resistance and tolerance. 
An obvious set is genotypes, commonly designated g. Such a set may comprise different breeds, sire 
lines, or other categories of families. The genotype set may also comprise of a single pig, if multiple 
measures are available for a pig that experiences varying environmental conditions. Further, this may 
be extended to include genomic information as trait predictors. At one level, marker information may 
be used for QTL mapping, and once these genomic regions are identified, a subset of markers can be 
used as a panel for marker assisted selection. At the other end of the spectrum, complete genomic 
SNP information may be used to develop a genomic selection approach. Such strategies have been 
put forward for host responses to PRRS by Boddicker et al. (2012). 
Another set of predictor variables, d, aims to describe the disease environment that genotypes 
may be exposed to. The key requirement to measure resistance and tolerance is variation in the disease 
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environment. The ideal predictor variable to describe the pathogenic environment is pathogen load. 
A key issue is whether pathogen load is measured or can be measured in the environment, or in the 
host (level of infectivity). The use of environmental pathogen load is based on the assumption that 
infection across all animals occur at the same point in time, and does not allow for variation in 
immune responses by the host. Further, if the aim is to focus on input variables that are readily 
available on farm and not on measures that are collected under experimental conditions, an indirect 
measure (or proxy) of pathogen load may need to be defined. For example, if a link between pathogen 
load and, level of medication, performance or survival rate is established, then these indirect measures 
may be used as a proxy of pathogen load. This approach was used by Lewis et al. (2009), who used 
on farm records of reproductive performance to identify when a PRRS infection occurred on farm.   
Another issue is whether measures of individual pathogen load, as opposed to group estimates 
of pathogen load should be used. It may only be feasible on farm to measure groups. However, 
Doeschl-Wilson et al. (2012b) argue that in order to obtain unbiased tolerance estimates, individual 
measures of pathogen load are required. Furthermore, many studies assume infection by a single 
pathogen type, when many hosts often harbour more than one pathogen, or pathogenic strains, 
simultaneously (Miller et al. 2006). Therefore, there may be more than one pathogenic burden to 
measure. Inclusion of pathogen load can include individual pathogen loads, or may be combined to 
form an overall pathogen load index.  
As well as the disease environment, the response is also influenced by other non-disease 
environmental factors, e, and therefore one would also need to include any environmental 
perturbations when modelling response to selection for resistance and tolerance. These may include 
fluctuations in temperature, humidity, changes in social dynamics, air quality, stocking density, and 
changes in feed composition. Just as with pathogen load, on farm measures of non-disease 
environmental factors may only be feasible for groups of pigs and not individual pigs. An overall pig 
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farm health index, including health indicators, farm hygiene and reproductive disturbances, can also 
be utilised to describe the environment, as proposed by Madec et al. (1993).  
Therefore the set of predictor variables may be partitioned into x = (g, d, e). Consequently, our 
generic model may be expressed as  
E(Y) = f (g, d, e) 
 
Modelling the functional relationship, f 
Having defined the response Y and predictor variables x = (g, d, e), these need to be connected by 
means of the function f, and we now discuss some general considerations. 
Firstly, in order to assess tolerance across genotypes, interaction terms g×d, g×e, and possibly 
d×e and g×d×e need to be included in the model. In particular, it is the genotype by disease (g×d) 
interaction(s) that quantify differences between genotypes in tolerance to pathogen load. In addition, 
it may be useful to quantify tolerance to environmental effects across different genotypes, hence the 
need to investigate g×e interactions, and possibly g×d×e interactions. Ignoring these interactions may 
lead to biased estimates of genetic differences in disease tolerance. All of these terms then might be 
specified as an additive model, which, in its simplest form, may be the usual linear regression model.  
E(Y) = β0 + β1x1 + β2x2 + ... + βpxp, 
using the xi to include any of the above terms as well as their interactions.   
It is possible that the total number of predictor variables contained in x may be quite large, and 
in some situations may even exceed the number of observations, n. This may happen, for example, 
when g includes genomic information.  Although this cannot be handled in standard additive and 
generalised additive models, it can be addressed through the classical technique of reduction through 
use of principal component analysis, or other techniques including partial least squares (Abdi 2010). 
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Of course, further decisions on the form of f need to be made according to the class of response 
variable Y.  If it is a continuous measure such as growth rate, one of the normal-distribution-based 
methods will be applicable, in the form of a linear, nonlinear or perhaps spline model.  However, if 
the response is binary, such as disease presence or absence, then a logistic regression model or 
extension to a generalised additive model (GAMs) (Ruppert et al. 2003), would be appropriate.  
Further possibilities for instance, survival time, would require a Cox’s proportional hazard model to 
be used, which again has the ability to include nonlinear functions of predictor variables (see 
Cecchinato et al. (2008) for an example).  
This then leads into considering the graphical interpretation of assessing tolerance and 
resistance. The simplest graphical representation of the interaction between genotype and disease 
load, and the approach taken by most tolerance studies, is a linear regression model. In animal 
breeding, this is commonly known as a reaction norm. Defining traits as functions through a reaction 
norm have been used to model the interaction between genotype and environment (Roff 1997; Lynch 
& Walsh 1998; Knap & Su 2008; Kause 2011). The reaction norm shows genotypic differences by 
the regression of phenotype against increasing pathogen burden of a single pathogen type, with 
separate slopes and intercepts for each genotype. For example, with only two genotypes, and for a 
normally distributed trait, the model might be expressed as: 
E(Y) = β0 + β1G + β2D + β3G.D 
where G is a 0-1 indicator variable for the genotype, and D is the measure of disease pathogen load.   
A fully resistant host is one that successfully blocks pathogen entry or eliminates the pathogen, 
and there is no disease beyond an arbitrary threshold.  A fully tolerant host is one whose 
phenotype/performance is not affected by the level of pathogen burden. A host can be tolerant and 
non-resistant, resistant and non-tolerant, or tolerance and resistant, shown as genotypes G1, G2 and 
G3, respectively, in Figure 2-1. It should be noted that this is an outline of the concept and the actual 
levels of performance or health of resistant versus tolerant pigs for a given pathogen burden will 
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depend on the specifics of each situation. Whilst this representation is easily understandable, in 
reality, there may be nonlinear responses between E(Y) and the xi, so that some of the linear terms 
may be replaced by polynomial or spline terms, allowing a more flexible approach to modelling 
nonlinear relationships (Ruppert et al. 2003). Further, complex interactions between two continuous 
predictors can be accommodated by the use of ‘thin plate spline’ techniques. Råberg et al. (2009) 
discuss implications of non-linear reaction norms for disease tolerance, which may also arise from a 
genotype by environment interaction for the host’s response to an unmeasured factor of the 
environment. The authors suggest conducting studies in homogenous environments, ideally in 
laboratories, to avoid any potential bias due to interactions of the genotypes and other unknown 
environmental factors. Clearly, this is not a solution for pig breeding applications, and any model 
quantifying disease tolerance needs to include as much detail as possible about other environmental 
factors.  
Since there are multiple factors impacting on a host's ability to maintain production, this 
representation of resistance and tolerance is also too simplified. There needs to be a multivariable 
approach that will utilise known factors, of not only other pathogenic burdens, but also environmental 
variables that should not have an assumed linear relationship with the measured variable. The result 
would be a multidimensional model.  
 
Figure 2-1. The common portrayal of phenotypic responses of genotypes with a single predictor 
variable of pathogen burden. The three genotypes represented here are tolerant and not 
resistant (G1), resistant and not tolerant (G2), and resistant and tolerant (G3). 
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Quantifying resistance and tolerance 
Typically, definitions of resistance and tolerance are based on the linear model framework, as 
illustrated in Figure 2-1. With this, resistance can be defined quantitatively as the inverse of infection 
intensity (number of pathogens per host), while tolerance is indicated in the slope of the regression 
line (Simms & Triplett 1994). That is, since the disease load in a resistant population is low 
(genotypes G2 and G3 in Figure 2-1), their inverse is high indicating resistance.  In reality however, 
for this to be a useful metric, the external disease load in the environment should also be considered: 
to be resistant there must be indication that the load in the environment is considerably greater.  
Consequently it may be useful to quantify disease load relative to the load in the environment.  
As discussed in the section "The predictor variables", it may not be feasible to obtain a true 
unbiased estimate of tolerance with on farm observational data due to the bias effects of group 
estimates (Doeschl-Wilson et al. 2012a). In addition to differentiating host and environmental 
pathogen load, measures must be taken at the relevant time, during various levels of pathogenic 
challenge and/or no challenge (Doeschl-Wilson et al. 2012a). This implies that we need repeated 
sampling on farm, but defining how often measures should be taken depends on the type of pathogen, 
and how quickly the pathogen loads change.  
Using the quantitative definition of tolerance as the regression slope, typically negative, it is 
clear that small regression slopes indicate superior tolerance of a genotype to a disease challenge.  In 
quantifying tolerance of genotypes that respond to disease load in a nonlinear fashion, the average 
slope may be used. Alternatively, the area under the curve of the regression line may be used (Pilson 
2000). Otherwise, other metrics or proxies for production, such as growth rate and survival may be 
used to quantify resistance and tolerance. In addition, multiple measures of disease burden can be 
handled by the collective measure of all the partial regression slopes (if a linear model is used), or a 
collective measure of all the slopes, averaged over their respective disease loads (for a nonlinear 
model). 
2 REVIEW OF LITERATURE- DISEASE TOLERANCE 
30 
 
However, it is important to note that tolerance (as mentioned previously) is not just a measure 
of sensitivity to disease burden (d), but to other environmental perturbations, such as ambient 
temperature.  The above procedure can be extended to those variables (e) using exactly the same 
methods.  Extending further, it would be possible to quantify tolerance in relation to d, e as well as 
d×e, incorporating the interactions with g to assess between-genotype differences.  
The quantification of resistance may not simply be the inverse of infection intensity, especially 
when environmental variables, e, are also taken into account. Furthermore, the definition of resistant 
or non-resistant genotypes has not been clearly defined; for example, what is the maximum 
observable pathogen load before a genotype is considered non-resistant? There may not be a specific 
threshold but an arbitrary comparison with other genotypes. 
 
CONCLUSION 
Whilst most of the focus of research in animal breeding has been on resistance to pathogens, the 
difference to tolerance needs to be recognised due to consequences on pathogen-host interactions. 
The lack of knowledge on immunological and physiological response mechanisms for these two host 
defence strategies restricts our ability for quantification. For optimum benefit to the pork industry, 
we emphasise the use of routinely collected on-farm data to model and predict selection for resistance 
and tolerance. This means that a simple one-dimensional reaction norm, with pathogen burden as the 
only explanatory variable, cannot be used. A number of factors need to be taken into account 
simultaneously, including not only genotype and disease variables, but also descriptors of the 
environment, as well as any potential interactions. It may not be feasible to record true tolerance using 
routinely collected on-farm data. However, proxy measures from routinely collected data are 
commonly used in animal breeding as indirect measures of selection for hard to measure traits, and 
this can still enable us to model and quantify resistance and tolerance. This allows us to assess the 
benefits of selection, and to determine whether we should select for resistance, tolerance, or both. 
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Breeding for resistance and tolerance has been found to be sustainable, economically feasible 
and desirable, especially for common diseases that are unable to be controlled by vaccination and 
management practices (Stear et al. 2001). This is an animal welfare and industry-friendly approach 
that should be explored to meet our increasing need for positive changes in pork production methods, 
as it can improve the health and welfare of pigs, whilst maintaining productivity.  
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CHAPTER 3 
 
Literature Review:  
An update on disease tolerance and a refocus on disease resilience
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Since the publication of Chapter 2 in 2012, there has been considerable interest in disease tolerance. 
This chapter provides an update on the literature that has increased the understanding of the disease 
tolerance mechanisms, and the recent approaches that have been used to define the trait. Recent 
investigations are also assessed on how easily implemented they are for the routine evaluation of 
disease tolerance on commercial piggeries. Just as in Chapter 2, this chapter re-emphasises that 
attempts should be made to firstly exploit standard production records available. This chapter also 
provides justification for the shift in emphasis of this thesis, from disease tolerance to disease 
resilience. This chapter formulates the definition of disease resilience that is used in this thesis. 
 
RECENT INVESTIGATIONS ON DISEASE TOLERANCE 
In Chapter 2 of this thesis, disease tolerance was defined as the ability to maintain health and 
performance, despite increasing internal pathogen burden. Unlike disease resistance, which aims to 
actively reduce pathogen growth rate, disease tolerance is achieved by counteracting the damage 
caused by the infection challenge, without directly affecting the pathogen itself (Frontiers in Genetics 
2012). Investigations on the host response pathways following an infection challenge can provide a 
better understanding of the course of an infection challenge, and allow the mechanisms responsible 
for the maintenance of performance to be distinguished. For example, Lough et al. (2015) tracked the 
body weights of individual mice from three inbred strains, which were experimentally infected with 
the Listeria monocytogenes bacteria. When changes in body weight were plotted against bacterial 
load across a two-week observational period, the survivors and non-survivors of the infection 
exhibited distinct patterns. Cluster analysis verified four distinct phases of infection, where the 
survivors and non-survivors exhibited the same pattern in phases one to three, but had distinct patterns 
in the last phase. The first phase was associated with the initial establishment of the infection and 
reduction of pathogen load, as well as a decline in body weight. The second phase described stable 
pathogen severity and continued weight loss. The third phase was associated with an increase in 
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pathogen load and continued decline in weight. In the final phase, survivors were able to reduce 
pathogen severity and regain weight, while the non-survivors were unable to reduce infection severity 
and continued to lose weight. This suggests that there may be critical stages of infection, which can 
be targeted to avoid death following infection. Further, this also suggests that the third phase of 
infection may be of use to evaluate disease tolerance, since the tolerant individuals would not decline 
in weight as much as the non-tolerant individuals, despite the increase in pathogen load. However, 
the duration of the four phases varied between mice, and these phases may need to be evaluated on 
an individual basis.  
Another characteristic of the host response pathway investigated by Lough et al. (2015) was 
the infection severity threshold. Although all mice were challenged with the same bacterial load, the 
determinant of survival appeared to be the mice who were able to suppress pathogen replication below 
a certain threshold. This involves disease resistance mechanisms. However, it is clear that disease 
resistance and disease tolerance were both responsible for survival of the infection, as well as the 
maintenance and return to health. The decrease in pathogen load during phase one suggests the initial 
mechanism at play was disease resistance. However, as stated above, the ability to not decline in body 
weight despite increasing pathogen load in phase three suggests a certain level of disease tolerance. 
Therefore, mechanisms of both resistance and tolerance may have been activated with the onset of 
the infection challenge in this study. Disease tolerance was quantified by Lough et al. (2015) as the 
regression slope of maximum body weight loss (y-variable) against maximum infection levels of the 
observed period (x-variable). There was variation in disease tolerance between the three mice strains, 
indicating a genetic component to disease tolerance. However, there was also variation between the 
survivors and non-survivors within the mice strains. Although the investigations on these response 
pathways provide information on the maintenance of health and productivity when faced with 
infection challenges, the link between survival patterns and the ability to maintain performance for 
the definition of disease tolerance is unclear. Further, use of this approach to evaluate the most disease 
tolerant livestock may depend on not only the phase of infection, but also the type of infection 
3 REVIEW OF LITERATURE- DISEASE RESILIENCE 
 
40 
 
challenge. The monitoring of pathogen levels within individual animals may be dependent on 
understanding the response pathway of certain genotypes according to a specific infection challenge.  
A multi-dimensional approach to understanding the mechanisms of disease tolerance has been 
explored, which can been referred to as the 'disease space'. Louie et al. (2016) and Torres et al. (2016) 
propose parameters of the disease space to include variables such as pathogen level, immune 
response, microbe-induced damage, health and host body temperature. Although the multi-
dimensional approach is a more realistic representation of disease progression in natural settings, 
these physiological response parameters may be pathogen specific, and a higher immunological 
response may not necessarily reflect the health status of the animal (Adamo 2004). Further, it would 
be difficult to specify the type of immune response to investigate. Råberg (2014) and Soares et al. 
(2017) recently reviewed the immunological mechanisms involved in disease tolerance. These 
reviews verify that to date, the immuoregulatory mechanisms that regulate disease tolerance are still 
fairly unexplored, and our understanding of variation in tolerance is rudimentary. While the disease-
space concept provides a holistic, systems approach to understanding disease tolerance, the use of 
immune parameters as selection criteria for disease tolerance requires a better understanding of the 
physiological responses to infection challenges. 
Most of the recent investigations on disease tolerance have continued to mostly focus on 
laboratory measures of the infection challenge. For example, the genetic variation of disease tolerance 
against porcine reproductive and respiratory syndrome (PRRS) was investigated by Lough et al. 
(2017). Pigs were infected with the PRRS virus, and a series of body weights and blood samples were 
measured post-infection. Disease tolerance was defined by the slope of the regression of growth 
performance on viral loads in the blood samples for each individual pig. Random regression sire 
models were used to assess genetic variation in disease tolerance to PRRS. The models explored 
included sire effects fitted on only the intercept, sire effects fitted on only the slope, and sire effects 
fitted on both the intercept and slope. All models showed no genetic variation in disease tolerance to 
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PRRS, since estimated variance of sire slopes were all less than 4.37E-06 (kg/day)2. This result was 
unexpected to the authors, and was attributed to the lack of performance records in the absence of 
infection, which caused confounding between the intercepts and slopes. To further investigate this, 
the performance of non-infected half-sibs were simulated and fitted within the random regression 
models for more reliable genetic parameter estimates for tolerance. There was still negligible 
variation in sire slopes, with all models resulting in an estimated sire slope variance component of 
less than 1.18E-07 (kg/day)2. However, the authors argue that growth in the absence of infection and 
growth during infection can be considered as different environments, and the low to moderately 
strong genetic correlations between growth in the absence of infection and growth under infection 
imply significant genetic variance in tolerance.  
Standard production records have also been explored to quantify infection levels of the PRRS 
virus. Since PRRS has a marked effect on reproductive traits, the proxy for internal pathogen loads 
was derived by Lewis et al. (2009) using rolling means of the number of mummified piglets. This 
proxy was further developed to include numbers born alive, numbers loss and numbers weaned by 
Mathur et al. (2014), to retrospectively identify PRRS outbreaks. This measure was also used by 
Rashidi et al. (2014) to identify healthy and diseased phases over a period of time, and to evaluate 
variation in sow response across healthy and diseased phases, as well as variation in response along 
a continuous trajectory of pathogen load. While there was genetic variation in sow responses, the 
authors acknowledge that specific mechanisms through which performance was maintained could not 
be identified, disease resistance could not be distinguished from disease tolerance, and it could not be 
called 'disease tolerance' per se as individual pathogen burdens were not known.  
Since disease tolerance is defined as a measure of change in performance across changes in 
pathogen burden, Doeschl-Wilson et al. (2012) argue that true tolerance needs to be measured on an 
individual, not herd level. Herd levels could lead to biased estimates in variation in response as there 
are confounding effects of resistance and tolerance (Doeschl-Wilson et al. 2012; Kause & Ødegård 
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2012). Further, internal measures are required for a true measure of disease tolerance, as an 
environmental measure of infection challenge may only be a proxy to the internal measure, and may 
not necessarily reflect internal levels. While the purpose of the investigations discussed may be to 
ultimately include disease tolerance in breeding programs, there does not appear to be a practical way 
to routinely evaluate the trait on-farm. Further, the underlying mechanisms that allow maintenance 
of performance and health are not easily distinguishable or even completely understood yet. 
Therefore, the focus of this thesis has shifted to investigations on the trait that allows maintenance of 
productivity and health during infection challenges, without the restriction on the exact mechanisms 
by which this is achieved. Disease resilience is a strategy that utilises both the mechanisms of disease 
tolerance and disease resistance (Doeschl-Wilson & Lough 2014; Hermesch 2014).  
 
DISEASE RESILIENCE 
The literature on disease resilience was only briefly reviewed in Chapter 2 since the initial focus of 
this thesis was on disease tolerance. With the realisation that a definitive way to measure disease 
tolerance was not currently attainable using standard production records, this thesis has shifted in 
focus to disease resilience. This section of the chapter aims to revisit the literature on disease 
resilience, and to provide an update on the topic.  
Disease resilience was previously defined as the ability to maintain productivity when faced 
with infection (Albers et al. 1987). Breeding for resilience to nematode infection has been explored 
in sheep extensively (Albers et al. 1987; Bisset & Morris 1996; Gray 1997), and has generally been 
measured using post-weaning weight, age at first drench and number of drenches (Morris et al. 2010). 
These performances are resilience measures taken in an infected environment, at a single point in 
time. Selection for disease resilience after 13 years through these measures resulted in resilient sheep 
lines that were more productive and healthy, without affecting faecal worm egg count (Morris et al. 
2010). The measure of internal pathogen burden, measured by faecal egg count, was only used to 
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assess disease resistance. This demonstrates that it may be possible to select for both productivity and 
improved health status, without having a precise measure of pathogen load, or understanding the 
specific mechanisms responsible for the maintenance of production and health.  
Despite what may appear as minor semantics, there has yet to be a universally agreed upon 
distinction between disease tolerance and disease resilience. In fact, recent studies have used the terms 
interchangeably. For example, Mathur et al. (2014)'s proxy measures of PRRS viral loads was 
developed with the aim of allowing future studies to estimate sow resilience to the PRRS infection. 
However, the resilience term was not defined, and use of this proxy was only discussed for the 
evaluation of disease resistance and/or disease tolerance. Another term that has been used 
interchangeably with resilience is the term 'robustness'. Robust pigs have been defined as those that 
cope with and be resilient to external stressors, in order for unproblematic expression of high 
production potential in a wide variety of environmental conditions (Knap 2005). This definition 
covers a wider range of environmental challenges that the animal may experience, and the 
mechanisms by which the pigs cope are not specified. In the evaluation of a trait termed as robustness, 
Herrero-Medrano et al. (2015) used the proxy measure of PRRS virus load developed by Mathur et 
al. (2014), to estimate genetic parameters for sow reproductive performance across a trajectory of 
challenge load. This was a practical approach was to quantify infection challenges, and to evaluate 
sow performance across varying challenge loads. However, this study did not discuss the mechanisms 
that allowed some sows to maintain performance better than others during the infection. While these 
mechanisms responsible may not be distinguishable, nor necessarily required to be known, this 
highlights that the use of terminology has been inconsistent in literature, and traits have not been 
defined consistently.  
The relationship between disease resilience with disease tolerance and disease resistance was 
conceptually demonstrated by Bishop (2012) for nematode infections in ruminants, and also by 
Hermesch (2014) from infectious challenges of the pig. Disease resilience, measured as performance 
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in an infected environment, can be improved by reducing the level of infection challenge within the 
host (achieved by disease resistance mechanisms) and also by counteracting the effects of infection 
(achieved by disease tolerance mechanisms). Figure 3-1, adapted from Bishop (2012) and Hermesch 
(2014), demonstrates the relationship between disease resilience, disease tolerance and disease 
resistance. The improvement of disease resistance and disease tolerance can lead to the improvement 
of disease resilience. At a given tolerance level, a reduction in pathogen load from A to A+ would 
increase performance from C to C+. Performance can be further improved, from C+ to C++, by 
improving tolerance from B to B+. Therefore, disease resilience conflates both disease resistance and 
disease tolerance (Doeschl-Wilson & Lough 2014).  
 
 
Figure 3-1. The relationship between disease resistance, disease tolerance, and disease 
resilience; Resilience is improved from C to C+ with the improvement of resistance (A to A+), 
and further improved to C++ with the improvement of tolerance (B to B+) [extended from 
Bishop (2012) and Hermesch (2014)].  
 
 
The ability to improve both disease resistance and disease tolerance through selection for 
disease resilience was shown in simulations by Mulder and Rashidi (2017), especially when no 
records of pathogen burden are available. However, if these records are available, there will be a 
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greater selection response. Nevertheless, selection of disease resilience provides a pragmatic way of 
improving disease resistance and disease tolerance. 
The mechanisms involved that allowed farm animals to be resilient to challenges in general, 
and as well as specifically to infection challenges, were extensively reviewed by Colditz and Hine 
(2016). It was proposed that general environmental resilience encompassed two arms: challenges to 
the longer term challenges that require passive responses, and challenges to acute challenges that 
require active responses. Disease resilience was categorised in the response to longer term challenges, 
while disease resistance and disease tolerance was in response to shorter term challenges. This 
supports the concept of disease resilience encompassing both mechanisms of disease resistance and 
disease tolerance. Colditz and Hine (2016) also proposed a 'resilience syndrome', whereby the 
response exhibited by one challenge is likely to be correlated with the response to alternative 
challenges. This indicates that an approach to select for a range of non-specific, endemic infection 
challenges may be possible.  
Definitions of disease resilience, and resilience in general, have evolved to include the ability 
to not only maintain productivity, but also the ability to recover and return to original health status 
(Colditz & Hine 2016; Torres et al. 2016). This implies that resilience is not just a measure of 
productivity maintenance, since productivity may always decline with the onset of a challenge. This 
definition of resilience has an additional dimension of time. This reflects the ecological use of 
resilience, which assesses the time for a system to return to equilibrium following a perturbation 
(Gunderson 2000). A definition of resilience with the dimension of time firstly assumes that there is 
in fact a return to the original state, and that this original state is known. Therefore, measures of 
performance before a challenge are required so as to form a baseline. Colditz and Hine (2016) suggest 
recording of performance before routine farm procedures that may cause stress (for example, at 
weaning or changing of locations/pens). Performances after the challenge must then also be recorded 
until the return to the original status. With advancements in technology and precision management 
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systems, measures before and after a challenge may be attainable. Therefore, the time taken to return 
to original health or performance status may be included in the definition of disease resilience. If 
repeated measures of an individual's performance is not available, disease resilience may then be 
assessed on the sire level, where sires are represented by their progeny across different time points 
before and after the challenge.  
Across all definitions of disease resilience, a performance measure is required at a single level, 
or several levels, of infection challenge. Just as with disease tolerance, the greatest barrier for the 
routine genetic evaluation of disease resilience is the ability to quantify infection challenge levels 
using the data available. In pigs, breeding for disease resilience was reviewed by Hermesch (2014), 
which highlighted growth rates as a proxy for infection challenge loads. This may be an appropriate 
measure since the deliberate exposure of animals to high infection levels is not feasible due to welfare 
concerns and reduced profitability. Collins (2014) highlighted that the response to an infection 
challenge (the 'disease expression') is affected by a multitude of things, including genetics, immune 
response and environmental factors. The environmental variables proposed to monitor the health and 
immune status of the pig included air quality measures, temperature and humidity. Therefore, similar 
to the definition of disease tolerance in Chapter 2, the evaluation of disease resilience also requires a 
multi-dimensional, systems approach. Since infection challenges may not be independent from other 
external challenges that the animal may be experiencing, the performance response should be 
assessed across the challenges in the overall environment, as well the infection challenges. 
 
Disease resilience defined 
Disease resilience has been defined in various ways and inconsistently in literature. After taking into 
consideration how disease resilience has been defined in previous studies, the unknowns about the 
specific mechanisms responsible, and the data that may be available to identify the pigs that are able 
to cope with infection challenges, a definition of disease resilience is provided in this thesis. This 
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thesis defines disease resilience as the ability to maintain performance and health despite infection 
challenges in the environment, by utilising both mechanisms of disease resistance and disease 
tolerance. Further, the way that disease tolerance and disease resilience are primarily distinguished 
from each other is through the location of the infection challenge: tolerance considers pathogen 
burden within the animal, while resilience looks at the infection level within the environment. If 
investigations are on natural infectious challenges that occur on-farm, other environmental challenges 
need to be accounted for, along with environmental infection challenges. Therefore, descriptors of 
the overall environmental challenges, as well as infection challenges, are needed for a multi-
dimensional approach to modelling this trait.  
The environmental conditions that pigs experience can be quantified through specific 
environmental variables, such as air quality, temperature and humidity. These variables were 
previously highlighted as the ones that also reflect the health status of a farm. Managerial processes 
and feed quality can also influence the quality of environment, and data on these factors may be 
examined. The social environment may also be taken into consideration, as social interactions can 
affect the quality of environment of the pig (Bijma 2014). Pigs can influence the performance of other 
pen mates genetically, termed indirect genetic effects. This social interaction challenge may be taken 
into account provided data is available on pen allocation and pen mates. Alternatively, an 
environmental descriptor can be derived through the phenotypic averages of a group of animals under 
the same environmental and managerial conditions (known as contemporary groups). The Finlay and 
Wilkinson (1963) approach of quantifying the environment through contemporary group means, 
adjusted for genetic and systematic effects, can be used if the environment is complex, or there are 
no measures of the environment available. Therefore, contemporary group estimates may provide a 
practical way to quantify the challenges in the pig environment. This measure of the environment 
quantifies the interactions between environmental variables as challenges are taken into account 
simultaneously. If specific challenges in the overall environmental descriptor can be partitioned, a 
measure of infection challenge may then be derived for the evaluation of disease resilience.  
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CONCLUSION  
If using routinely collected data, a true measure of disease tolerance is currently unattainable there 
may be no available data on the internal pathogen loads that individual pigs harbour. Therefore, 
investigations on disease resilience, which utilises the mechanisms of both disease resistance and 
tolerance, may be more appropriate. However, there is still yet to be a universally agreed upon 
definitions of robustness traits and disease resilience. This thesis defines disease resilience as the 
ability to maintain productivity and health, despite increasing infection challenges in the environment. 
Since hosts may be affected by infection challenges, as well as other environmental challenges, 
consideration must be given to quantifying the overall challenges that exist in the pig environment 
for a multi-dimensional approach. Then, the infection challenges need to be separated from the other 
challenges for the evaluation of disease resilience.  
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Chapters 2 and 3 conceptually distinguished the mechanisms of disease tolerance and disease 
resilience from disease resistance. The definition of disease resilience in existing literature was 
assessed and a definition was formed for this thesis. Since standard production records were explored 
in this thesis to quantify disease resilience, it was necessary to take into account not only infection 
challenges in the environment, but also measures of the other environmental challenges. 
The mean phenotype of a contemporary group, adjusted for systematic and genetic effects, has 
been used to quantify the environment of the pig. However, the performance these contemporary 
group estimates are based on have been limited to growth rate and backfat. This section contains the 
first research theme of this thesis, Quantifying the pig environment using routinely collected records. 
This theme aims to address the second research question:  
 
“If the pig environment is quantified through contemporary group estimates, which phenotypic 
traits should we base these estimates on?" 
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This publication contributes to the second research question, where contemporary group estimates of 
various phenotypic traits are explored and used as environmental descriptors for genetic analyses. In 
this chapter, the contemporary group estimates of backfat were explored. Genotype by environment 
interaction for growth was evaluated using the multi-trait approach, whereby Pearson's correlations 
between the estimated breeding values (EBVs) for each animal were used to estimate the level of 
genotype by environment interaction. These results were compared to when using an environmental 
descriptor based on contemporary group estimates of average daily gain.  
The conclusion of this publication was that contemporary group estimates of backfat captured 
different aspects of the environment from those captured by contemporary group estimates of growth. 
This may warrant use of both traits simultaneously in the quantification of environments. The genetic 
associations described by Pearson's correlations between EBVs of all animals in the herd suggested 
a significant interaction, using environments defined by either of the two performance traits.  
Pearson's correlations between EBVs are known to provide an underestimation of genetic 
correlations because they do not completely reflect the genetic relationship between traits. Therefore, 
a postscript to this published chapter was included to provide more accurate estimates of the level of 
genotype by environment interaction. Bivariate models were used to construct genetic correlation 
matrices. Estimates of genetic correlations contradicted the published results: there were no 
significant genotype by environment interactions for growth, using either of the traits to define the 
environment. This discrepancy was explored in detail in the postscript to the published paper. While 
Pearson’s correlations between EBVs underestimated genetic correlations, genetic correlations 
estimated through bivariate analyses may be inflated if there are poor links between environments. 
Evaluation of G×E can be performed on a sire level, provided that sires are well represented by their 
progeny across all environments. Use of the environmental descriptor of backfat increased the ability 
to detect G×E compared to use of an environmental descriptor of growth. The potential use of 
alternative performance traits as environmental descriptors should be further investigated. 
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ABSTRACT 
Investigations of genotype by environment (G×E) interactions may use estimates of average 
performance observed for contemporary groups as environmental descriptors. Data from a 
commercial breeding herd of Large White pigs were used to define environmental descriptors based 
on backfat (BF) and average daily gain (ADG). The environmental descriptors based on BF and ADG 
were estimated using an animal model, with sex, month-year contemporary group, weight (BF only), 
litter size and parity of birth litter as fixed effects. Estimates of contemporary group were centred, 
and then used to allocate an environment for each individual in the genetic analyses of ADG. Each 
environmental descriptor was partitioned into quartiles, allowing ADG to be defined as a separate 
trait in the four environments based on BF or ADG. Heritability estimates for ADG ranged from 0.12 
to 0.16 for the environmental descriptor based on BF, and 0.07 to 0.17 for the environmental 
descriptor based on ADG. There was a weak relationship between the environmental descriptor based 
on BF and environmental descriptor based on ADG, indicating they do not quantify the environment 
in the same way. Nevertheless, the use of either environmental descriptor indicates re-ranking of 
animals in different environments, with Pearson’s correlations between EBVs ranging from 0.22 to 
0.55 for the environmental descriptor based on BF, and 0.43 to 0.54 for the environmental descriptor 
based on ADG. 
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INTRODUCTION 
Genotype by environment (G×E) interactions occur when different genotypes exhibit varying 
responses to changes in the environment. Phenotype, in particular mean performance of a group of 
animals, can be seen as the result of a combination of known, plus unknown and unobservable 
environmental factors (Streit et al. 2013). Therefore, estimates of phenotypic averages of 
contemporary groups at each environmental level are commonly used as an environmental descriptor 
in animal breeding, allowing the environment to be quantified (for example, Knap and Su (2008) in 
pigs). This environmental descriptor can then be partitioned, and the same trait measured in the 
different environmental descriptors can then be considered as separate traits (Falconer 1952), with 
each trait having its own heritability and breeding values. This multi-trait approach of G×E analysis 
allows the evaluation of any genetic correlations between the same trait expressed in different 
environments, and, if less than unity, this indicates a G×E interaction.  
In pig breeding, an environmental variable previously used was average daily gain (ADG) (Li 
& Hermesch 2013).We explore the use of backfat (BF) as an alternate production trait for an 
environmental descriptor in G×E analyses, and make comparisons with the use of ADG as the 
environmental descriptor.  
 
MATERIALS AND METHODS 
Data 
Pig identity records and production traits were obtained from a commercial herd of Large White pigs 
in Gatton, south east Queensland, Australia. Inclusion criteria were years of birth from 1996 to 2013 
inclusive, and all traits within four standard deviations from means of the raw data. After data editing, 
there were a total of 40,145 individual animals, which included 19,899 entire male pigs and 20,246 
female pigs. The 18 generations consisted of 2,444 dams and 568 sires. Performance traits included 
ADG from birth to weighing and BF at weighing. The mean age of weighing was 129.1 ± 6.79 days 
4 BACKFAT AS ENVIRONMENTAL DESCRIPTOR  
 
57 
 
(mean ± SD), which gave an average weight at testing of 87.1 ± 9.23 kg. Contemporary groups were 
defined by birth month-year, giving a total of 216 contemporary groups, ranging from 67 to 493 pigs 
in each group and an average group size of 185 pigs.  
 
Analysis  
Data cleaning and analysis was conducted using R, version 3.1.3 (R Core Team 2015). Models were 
fitted using ASReml-R (Butler et al. 2009). Records were examined for duplicates and errors. The 
pedigree was extracted from the raw records, duplicate pigs and pedigree loops were removed, and 
founders identified. The analyses were conducted in two steps.  
Firstly, environmental descriptors were obtained based on estimates of contemporary group 
effects from the following animal models. For BF as the environmental descriptor, the model was: 
BF =  + Sex + CG + Weight + LitterSize + BirthParity + Animal + Litter effect +. Fixed effects 
were sex, contemporary group (CG), weight (linear covariate), litter size of birth litter (linear 
covariate) and parity of birth litter. Random effects were common litter and animal effect. For ADG 
as the environmental descriptor, the model was:  ADG =  + Sex + CG + LitterSize + BirthParity + 
Animal + Litter effect + .  
The 216 contemporary group estimates for both environmental descriptors were centred around 
0, and for maximum power to test for G×E, split into quartiles to have roughly equal number of 
observations within each group. Each animal was allocated an environment (E-BF1, E-BF2, E-BF3, 
or E-BF4; as well as E-ADG1, E-ADG2, E-ADG3, or E-ADG4) according to their contemporary 
group estimate.  
The second part of the analyses was to define ADG as a different trait for each environmental 
group. Heritabilities and estimated breeding values (EBVs) for ADG traits across environments were 
obtained from the animal model outlined for ADG above. Pearson’s correlations between the EBVs 
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for each of the four traits based on BF as environmental descriptor, as well as ADG as environmental 
descriptor, were calculated as a proxy measure of genetic correlations. 
 
RESULTS AND DISCUSSION 
The 40,145 animals included in analysis had a mean ADG of 675.3 ± 68.43 g/day, and a mean BF 
measurement of 11.6 ± 1.90 mm. 
The centred contemporary group estimates derived from the animal models in the first step of 
analysis ranged from -1.2 mm to 1.3 mm for the environmental descriptor based on BF, and from -
67.2 g/day to 77.5 g/day for the environmental descriptor based on ADG. The environments E-BF1, 
E-BF2, E-BF3 and E-BF4 contained animals with a BF environmental descriptor of < -0.38 mm, 
between -0.38 mm and 0.01 mm, between 0.01 mm and 0.39 mm, and > 0.39 mm, respectively; 
Similarly, E-ADG1, E-ADG2, E-ADG3 and E-ADG4 contained animals with an ADG environmental 
descriptor of < -15.9 g/day, between -15.9 g/day and 1.34 g/day, between 1.34 g/day and 16 g/day, 
and > 16 g/day, respectively.  
In an optimum environment, pigs have a higher ADG and lower BF. If the environmental 
descriptor based on BF and environmental descriptor based on ADG were able to quantify the 
environment in the same way, it was expected for these environmental descriptors to be highly 
negatively correlated. Figure 4-1 shows the weak relationship between the environmental descriptors 
based on BF and ADG (r = 0.08). This indicates that the two environmental descriptors do not 
describe the environment in the same way.  
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Figure 4-1. The relationship between centred contemporary group (CG) estimates using 
backfat (BF) as environmental descriptor and average daily gain (ADG) as environmental 
descriptor (r = 0.08).  
 
 
The partitioning of the environments appropriately described inferior and superior environments, 
shown in the ADG of each environment. The superior BF environments with the lowest BFs had the 
highest ADG performance, with ADG decreasing from 680 g/day and 681 g/day for E-BF1 and E-
BF2, to 668 g/day and 671 g/day for E-BF3 and E-BF4 (Table 4-1). The environmental descriptor 
derived from ADG showed an increase in ADG with quality of environment in a linear relationship, 
as expected.  Variability in performance (CV) decreased with superior environments for ADG as 
environmental descriptor, reflecting the results of Li and Hermesch (2013) for their seven-trait 
analysis. The range of heritabilities derived from the four ADG traits in each environmental descriptor 
were 0.12 to 0.16 for environmental descriptor based on BF, and 0.07 to 0.17 for environmental 
descriptor based on ADG. 
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Table 4-1. Number of observations (n), mean performance, coefficient of variation (CV), 
phenotypic variance (
2ˆ
p ) heritability (
2hˆ ), standard error of heritability estimate (SE (
2hˆ )), 
fraction of variance due to common litter environment (
2cˆ ) and litter effect standard error 
((SE (
2cˆ )) for average daily gain (ADG) defined as separate traits, using an environmental 
descriptor derived from backfat (E-BF1 to E-BF4) and ADG (E-ADG1 to E-ADG4)  
 
Environment n ADG (g/day) CV (%) 
2ˆ
p  
2hˆ  SE (
2hˆ ) 
2cˆ  SE (
2cˆ ) 
E-BF1 9,767 680.0 9.97 3948.2 0.16 0.027 0.10 0.025 
E-BF2 11,328 680.6 10.07 4143.7 0.16 0.025 0.09 0.026 
E-BF3 9,804 668.4 10.33 4068.8 0.12 0.022 0.12 0.028 
E-BF4 9,246 671.2 10.04 4110.7 0.14 0.025 0.12 0.026 
E-ADG1 9,924 648.3 10.06 3941.6 0.15 0.027 0.11 0.025 
E-ADG2 10,313 670.8 9.71 4034.8 0.17 0.026 0.11 0.024 
E-ADG3 10,695 682.8 9.68 4158.7 0.07 0.018 0.11 0.019 
E-ADG4 9,213 700.7 9.56 4133.6 0.17 0.026 0.13 0.026 
  
 
Pearson’s correlations between EBVs ranged from 0.22 to 0.55 for BF as environmental descriptor, 
and from 0.43 to 0.54 for ADG as environmental descriptor (Table 4-2). These were all significantly 
lower than unity, demonstrating re-ranking of animals across environments. Although Pearson’s 
correlations indicate significant G×E interactions for both BF as environmental descriptor and ADG 
as environmental descriptor, these provisional values under-estimate genetic correlation between 
traits. 
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Table 4-2. Pearson’s correlations (below diagonal) and standard errors (above diagonal) 
between estimated breeding values (EBVs) for average daily gain (ADG) defined as separate 
traits in each environment, using an environmental descriptor derived from (a) backfat (BF) 
and (b) ADG (n = 40,145) 
 
(a)      (b)     
 E-BF1 E-BF2 E-BF3 E-BF4   E-ADG1 E-ADG2 E-ADG3 E-ADG4 
E-BF1  0.005 0.005 0.005  E-ADG1  0.004 0.005 0.004 
E-BF2 0.35  0.004 0.004  E-ADG2 0.53  0.004 0.004 
E-BF3 0.29 0.55  0.004  E-ADG3 0.43 0.52  0.004 
E-BF4 0.22 0.49 0.54   E-ADG4 0.45 0.50 0.44  
 
This multi-trait approach treats the environmental descriptor as a categorical variable. When the 
environmental descriptor is treated as a continuous variable, a reaction norm (RN) approach can be 
used (Kolmodin 2003). There is also the option of combining both approaches, when both categorical 
and continuous environmental descriptors are used at the same time. Windig et al. (2011) explored 
treatment of the environmental descriptor as both continuous and categorical in a combined bivariate 
reaction norm approach. Although there was no G×E interaction found when the multi-trait, RN and 
combined approaches were used, the combined approach was useful for separating effects when two 
environmental descriptors were confounded (e.g. spring calving vs. year-round calving production 
system). In this example, residual variance decreased with dairy higher milk production in a RN 
approach, but the combined approach showed that at the same milk production level, there was higher 
residual variance in spring calving compared to year round calving.  
The number of traits the environmental trajectory is split into is an important factor in G×E 
analysis. Li and Hermesch (2013) explored four different scenarios, splitting the environmental 
descriptor based on ADG into one, two, three and seven traits. When treated as one and two traits, no 
significant G×E interaction was found, but a G×E interaction was observed when three and seven 
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trait models were fitted. Genetic correlations also decreased as differences between environmental 
groups increased. Quartiles were used in the current study as it is a commonly used statistical 
summary. However the optimum number of traits should be further investigated.  
 
CONCLUSIONS 
This paper considers the validity and feasibility of G×E analyses when using alternative traits in 
defining the environmental variable. The mean performance of a production trait as environmental 
descriptor, adjusted for by fixed and random effects, may be an appropriate variable if the 
environment is complex, or if there is no other available data to describe the environment. These first 
results indicate that BF can be used as an environmental descriptor, with estimates of heritabilit ies 
and Pearson’s coefficients similar to those obtained when ADG was used as the environmental 
descriptor. Both environmental descriptors suggest re-ranking of animals across environments. 
However, genetic correlations between ADG defined as a separate trait in different environments are 
required to make a final conclusion about G×E interactions.  
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POSTSCRIPT 
Bivariate models to estimate genetic correlations between growth 
traits defined in different environments 
 
Chapter 4 presents Pearson’s correlations between EBVs of all pigs derived through univariate 
analyses. These genetic associations provide a provisional estimation for genetic correlation between 
traits. Since the publication of Chapter 4 in the Conference Proceedings for the Association for 
Advancement in Animal Breeding and Genetics (AAABG) (Guy et al. 2015), more accurate estimates 
of genetic correlations between the growth traits were obtained on the same data using bivariate 
models. 
This postscript also examines G×E on the sire level, where correlations between only sire EBVs 
were evaluated, as well as sire bivariate models. The requirement of sufficient genetic links across 
environments in the analysis of G×E were further explored, by examining sires that were represented 
by progeny in only one environment, as well as progeny in all environments.  
 
METHODS 
Estimation of genetic correlations 
After the first step of analysis described earlier in this chapter, each animal was allocated an 
environment using the environmental descriptor based on contemporary group estimates of BF (E-
BF1, E-BF2, E-BF3, or E-BF4), as well as an environment based on the environmental descriptor 
based on contemporary group estimates of ADG (E-ADG1, E-ADG2, E-ADG3, or E-ADG4). A 
series of pairwise bivariate models for environments i and j, based on pairs of E-BF traits and pairs 
of E-ADG traits, were used to model ADG:  
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Effects were as listed in Chapter 4 (Guy et al. 2015). Each animal was only measured once and was 
allocated to only one environment depending on the contemporary group they belonged to. This 
resulted in each animal with only one growth trait (defined in one environment), and different growth 
traits were measured for different animals. Therefore, the residual covariance between any two traits 
could not be estimated and was set to 0. That is:  
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For the same reason, the covariance between the random litter effects for pairs of traits were also set 
to 0. That is: 
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The additive genetic covariance between ADG traits in two environments was estimated together 
with the additive genetic components with environments:  
2
2
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The estimated genetic correlation between ADG traits in environments i and j was calculated as: 
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where ˆ Aij  is the estimated additive genetic covariance between ADG in environments i and j, 
2ˆ
Ai  
is the estimated additive genetic variance of ADG in environment i, and 
2ˆ
Aj  is the estimated additive 
genetic variance of ADG in environment j. These estimated genetic correlations were used to 
construct genetic correlation matrices for ADG using either the environmental descriptor based on 
BF or the environmental descriptor based on ADG.  
 
Examination on a sire level 
Animal models have been recommended in preference to the sire models for genetic evaluations (Sun 
et al. 2009). This is because sire EBVs may be overestimated due to non-random mating and the 
dam's genetic merit not being accounted for. However, sire models are computationally easier and 
faster to fit. Therefore, G×E was examined on a sire level for the evaluation of sire by environment 
interaction (Sire×E). Sires were represented in the different environments by their progeny.  
The EBVs derived from the univariate animal models presented in Chapter 4 were extracted for 
the sires only (n = 568). Pearson’s correlations between these sire EBVs were used to estimate genetic 
correlations and compared to the Pearson’s correlations between EBVs of all animals reported in 
Chapter 4. Sire bivariate models were also fitted, and compared to bivariate models on an animal 
level.  
 
Genetic links across environments 
In order to evaluate variation in response of genotypes to variation in environments, sufficient genetic 
links across environments are required. To assess the impact of sire representation across 
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environments, Pearson’s correlations between EBVs were calculated for sires that had progeny in all 
four environments (n = 193), as well as only one environment (n = 128).  
 
RESULTS  
Genetic correlation estimates  
Genetic parameter estimates were consistent across environments, using environments characterised 
by both traits (Table 4-3). These estimates, which were derived from bivariate animal models, also 
aligned with estimates derived from univariate animal models presented in Chapter 4 (Table 4-3). 
Heritability estimates of ADG did not differ appreciably when standard errors were taken into 
account, although lower for the E-ADG3 environment. Estimates of litter effect variances for ADG 
also remained stable across all models and ranged from 0.10 - 0.12 using the environmental descriptor 
based on ADG, and 0.09 - 0.11 using the environmental descriptor based on BF.  
 
Table 4-3. Heritability estimates ( 2hˆ ) and standard errors of average daily gain (ADG) defined 
as separate traits in the partitioned environments based on ADG (E-ADGi) and backfat (E-BFi) 
(i = 1, 2, 3, 4) using univariate and bivariate analysis  
 
 Univariate analysis Bivariate analysis- estimated range 
Environment 
2ˆ
p  
2hˆ  
2ˆ
  
2ˆ
p  
2hˆ  2ˆ  
E-BF1 3948 0.16 2908 3911 – 3975 0.15 – 0.17 2886 – 2984 
E-BF2 4144 0.16 3097 4198 – 4240 0.18 – 0.20 2993 – 3114 
E-BF3 4069 0.12 3121 4045 – 4158 0.15 – 0.17 2980 - 3121 
E-BF4 4111 0.14 3074 4082 – 4200 0.16 – 0.18 2983 - 3074 
E-ADG1 3942 0.15 2902 3942 – 4044 0.14 – 0.18 2879 – 2925 
E-ADG2 4035 0.17 2932 4035 – 4108 0.17 – 0.20 2858 – 2933 
E-ADG3 4159 0.07 3408 4158 – 4196 0.07 – 0.17 3060 – 3408 
E-ADG4 4134 0.17 3036 4134 – 4202 0.14 – 0.20 2863 - 3132 
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Genetic correlation estimates ranged from between 0.82 and 1.00 for the environmental descriptor 
based on BF, and 0.94 to 0.99 for the environmental descriptor based on ADG (Table 4-4).  Use of 
the environmental descriptor based on BF to analyse G×E produced a wider range of genetic 
correlations estimates and were generally lower compared to the environmental descriptor based on 
ADG (BF
),(
ˆ
jig
r range: 0.82 – 1.00 vs. ADG range: 0.94 – 0.99).  
 
Table 4-4. Estimates of genetic correlation (below diagonal) and standard errors (above 
diagonal) for average daily gain (ADG) using bivariate animal models, with the four 
environments (E) derived from (a) backfat (BF) and (b) ADG 
(a)      (b)     
 E-BF1 E-BF2 E-BF3 E-BF4   E-ADG1 E-ADG2 E-ADG3 E-ADG4 
E-BF1  0.07 0.11 0.11  E-ADG1      0.04 0.06 0.06 
E-BF2 0.90  0.05 0.05  E-ADG2 0.98  - 0.05 
E-BF3 0.82 0.99  0.07  E-ADG3 0.97 0.99*  0.07 
E-BF4 0.86 1.00 0.91   E-ADG4 0.94    0.99 0.99  
*interpolated 
 
Due to non-convergence of the bivariate model for E-ADG2 and E-ADG3, the genetic correlation 
estimate was obtained using an interpolation method by modelling the relationship between Pearson's 
correlation and genetic correlation estimates across the different environments, using a cubic function 
shown in Figure 4-2.  
 
),(
ˆ
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Figure 4-2. Relationship between Pearson's correlations between estimated breeding values 
(EBVs) and estimates of genetic correlations for growth traits defined in different 
environments, which were based on contemporary group estimates of average daily gain. 
Interpolated point denoted by the star (*). 
 
 
Examination of G×E on a sire level  
Pearson's correlations between the EBVs of only the sires (derived from the animal model) are 
presented in Table 4-5 (above diagonal). These correlations were lower than the Pearson's correlations 
between the EBVs from all animals in the pedigree (below diagonal in Table 4-5), and were associated 
with higher standard errors due to fewer EBVs on the sire level. 
 
Table 4-5. Pearson’s correlations (standard error) between estimated breeding values (EBVs) 
for average daily gain (ADG) defined as separate traits in each environment; Above diagonal 
for the sires only (n = 568) and below diagonal for all animals (n = 40,145), using an 
environmental descriptor derived from (a) backfat (BF) and (b) ADG 
(a)      (b)     
 E-BF1 E-BF2 E-BF3 E-BF4   E-ADG1 E-ADG2 E-ADG3 E-ADG4 
E-BF1  
0.26 
(0.04) 
0.19 
(0.04) 
0.16 
(0.04) 
 E-ADG1  
0.45 
(0.04) 
0.35 
(0.04)  
0.38 
(0.04) 
E-BF2 
0.35 
(0.005) 
 
0.44 
(0.04) 
0.41 
(0.04) 
 E-ADG2 
0.53 
(0.004) 
 
0.44 
(0.04) 
0.40 
(0.04) 
E-BF3 
0.29 
(0.005) 
0.55 
(0.004) 
 
0.49 
(0.04) 
 E-ADG3 
0.43 
(0.005) 
0.52 
(0.004) 
 
0.35 
(0.04) 
E-BF4 
0.22 
(0.005) 
0.49 
(0.004) 
0.54 
(0.004) 
  E-ADG4 
0.45 
(0.004) 
0.50 
(0.004) 
0.44 
(0.004) 
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Bivariate sire models were also fitted to estimate genetic correlations between growth defined in 
different environments. Using the environmental descriptor based on ADG, all estimates of genetic 
correlations were greater than 0.93 (results not shown). For the bivariate sire models using the 
environmental descriptor based on BF, the genetic correlation for growth between the most extreme 
environments was significantly different from one, despite the larger standard errors associated with 
these estimates (Table 4-6).  
 
Table 4-6. Estimates of genetic correlation (below diagonal) and standard errors (above 
diagonal) for average daily gain (ADG) using bivariate sire models, with environments (E) 
derived from backfat (BF)  
 E-BF1 E-BF2 E-BF3 E-BF4 
E-BF1  0.15 0.27 0.28 
E-BF2 0.82  0.08 0.11 
E-BF3 0.66 1.07  0.15 
E-BF4 0.41 1.00 0.76  
 
 
Sire representation across environments 
To examine the impact of sire representation across environments, Pearson's correlations between the 
EBVs for ADG from sires that had progeny in only one environment were calculated (Figure 4-3). 
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Figure 4-3. Sire estimated breeding values (EBVs) for average daily gain, defined as separate 
traits in four environments (E-ADG1, E-ADG2, E-ADG3, E-ADG4), where sires were 
represented by progeny in only one environment. Above diagonal: Pearson's correlations 
between sire EBVs; Diagonal: univariate distributions EBVs; Below diagonal: scatter plot 
showing the relationship between sire EBVs in different environments.   
 
The scatter plots below the diagonal in Figure 4-3 show many sire EBVs with a value of 0 due to no 
information or links to the other different environments. This corresponds to the large spike in EBVs 
around 0 in the histograms above the diagonal. While Pearson's correlations between sire EBVs in 
similar environments were not appreciably different from Pearson's correlations between EBVs of all 
animals (presented in Table 4-6), there were much lower Pearson's correlations between EBVs in 
extremely different environments (in particular, E-ADG4 compared to E-ADG1,and also E-ADG4 
compared to E-ADG2).  
Pearson's correlations between the EBVs for ADG from sires that had progeny in all four 
environments were calculated and shown in Figure 4-4. Use of sires that had progeny in all 
environments resulted in Pearson's correlations that were similar to the Pearson's correlations between 
EBVs from all animals (presented in Table 4-2).  
4 BACKFAT AS ENVIRONMENTAL DESCRIPTOR  
 
72 
 
  
Figure 4-4. Sire estimated breeding values (EBVs) for average daily gain, defined as separate 
traits in four environments (E-ADG1, E-ADG2, E-ADG3, E-ADG4), where sires were 
represented by progeny in all four environments. Above diagonal: Pearson's correlations 
between sire EBVs; Diagonal: univariate distributions EBVs; Below diagonal: scatter plot 
showing the relationship between sire EBVs in different environments.   
 
DISCUSSION 
Genetic correlation estimates  
The genetic parameters estimated from bivariate animal models align with those estimated from 
univariate animal models, as well as estimates across different pig populations in the literature (Bunter 
et al. 2005; Hermesch 2008).  The lower heritability estimate for the E-ADG3 environment was also 
observed in the univariate analyses reported in Chapter 4. Nevertheless, the alignment with estimates 
provides confidence in the models used to estimate genetic correlations.  
Use of environments defined by BF resulted in generally lower genetic correlation estimates 
compared to use of environments defined by ADG, for both genetic correlations estimated using 
bivariate animal models, as well as Pearson’s correlations between animal EBVs. Therefore, use of 
the environmental descriptor based on BF appears to have a greater ability to detect G×E. This 
warrants further investigations on the use the BF trait to describe the environment.  
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Nevertheless, the estimates of genetic correlations were not appreciably different using the two 
definitions of the environment. Most estimates of genetic correlations were above the Robertson 
(1959) threshold of 0.8, indicating no economically important G×E for ADG, using either ADG or 
BF traits to define the environment. However, taking into account standard errors, these genetic 
correlation estimates may be greater than one. This suggests that genetic correlations estimates 
through bivariate animal models may be an overestimation of the true genetic correlation.  
Compared to the published Pearson’s correlations between EBVs, a similar pattern was 
observed across environments. As the differences between environments increased, estimates of 
genetic correlation decreased. This further supports the implication that the ability to detect G×E is 
greatest when environments differ sufficiently. However, although the trend in genetic correlation 
estimates were similar across analyses, the conclusion of G×E analysis presented in this postscript 
contradicts the published results. This is because Pearson’s correlations between EBVs of two traits, 
produced from univariate analysis, contain additional 'noise' that reduces the magnitude of the genetic 
associations between traits. The estimated genetic correlations presented in this postscript provides a 
better reflection of the genetic relationships between the traits. An alternative approach to obtaining 
more accurate genetic correlation estimates from Pearson’s correlations between EBVs is adjustment 
of Pearson's correlations for the repeatability of EBVs and heritability of the trait, as described by 
Calo et al. (1973).  
 
Evaluation of G×E on a sire level  
The Pearson’s correlations between only the sire EBVs had higher standard errors than the Pearson’s 
correlations between the EBVs of all animals. This is because the standard error is a function of the 
number of observations. Therefore, Pearson’s correlations between EBVs from all animals in the 
pedigree appears to provide more accurate estimates of genetic correlations compared to Pearson’s 
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correlations between EBVs from the sires only. However, this depends on the sire representation in 
environments (discussed below) and does not reflect higher accuracies of sire EBVs.  
When comparing extreme environments defined through BF, the genetic correlation estimates 
from bivariate models were lower on the sire level (Table 4-6) compared to the animal level (Table 
4-4b). The genetic correlation estimates examined on the sire level were associated with higher 
standard errors. This results in a larger level of uncertainty on the degree of Sire×E for growth 
compared to G×E. Further, taking into account standard errors, genetic correlation estimates may be 
greater than one, just as genetic correlation estimates from bivariate animal models. Therefore, the 
sire bivariate models may also provide an overestimation of the true genetic correlation. 
 
Genetic links across environments 
To assess the impact of sire representation across environments, genetic associations were estimated 
using Pearson’s correlations between EBVs of sires that had progeny in all four environments, as well 
as only one environment. Pearson’s correlations were similar irrespective of sire representation across 
environments, except for between the E-ADG4 environment with the E-ADG1, E-ADG2 and E-
ADG3 environments. Pearson’s correlations were lower when sires were represented in only one 
environment. While this might be interpreted as indicating these growth traits are genetically distinct 
in these different environments, this is a misleading result as genetic correlations estimated through 
bivariate models suggest otherwise. The low Pearson's correlations between sire EBVs in extreme 
environments were an artefact of insufficient links between environments. Therefore, Pearson's 
correlations between sire EBVs are not a good estimate of genetic correlations if sires do not have 
enough progeny in the different environments.  
On the other hand, if sires were represented across all four environment, Pearson’s correlations 
between sire EBVs were similar to Pearson’s correlations between EBVs from all animals. This 
4 BACKFAT AS ENVIRONMENTAL DESCRIPTOR  
 
75 
 
indicates that if sires are represented across all environments, Pearson's correlations between sire 
EBVs were comparable to Pearson's correlations between EBVs of all animals in the pedigree.  
These results reflect the data structure requirements for the analysis of G×E, where genetic links 
across different environments are required. Simulations have shown that poor genetic links between 
contemporary groups (defined as 25 daughters per sire compared to 100 progeny per sire, where 
daughters were randomly allocated to different environments), result in over-estimation of genetic 
correlations (Calus et al. 2004). However, the results of this study contradicts these simulation results, 
where the environmental descriptor that had greater links provided lower genetic correlation 
estimates. For the four environments characterised by the environmental descriptor based on BF, 103 
sires (18%) had progeny across all four environments, while for the environmental descriptor based 
on ADG, 193 sires (34%) had progeny in all four environments. Although the environmental 
descriptor based on ADG had better genetic linkages across environments, there were higher genetic 
correlation estimates. This suggests that representation across discrete environments may not be 
necessarily be the highest priority, but rather how much these environments vary.  Li and Hermesch 
(2013) reported that a minimum of 60 g/day difference in ADG environments was required to detect 
G×E.  The minimum that environments should differ may be attributed to the relative standard 
deviation of the trait. With 60 g/day equating to 0.9 of the standard deviation for the ADG trait, the 
corresponding minimum difference that may be required for BF environments equates to 1.67 mm. 
In this study, the greatest difference in ADG environments was between the E-ADG1 and E-ADG4 
environments, at 57.2 g/day, while the greatest difference in BF environments was 1.34 mm. Since 
there may not be enough differences in environments in this current herd, there was no expectation 
for interaction.  
The genetic correlations estimated through pairwise bivariate animal models may be an over-
estimation of the true genetic correlation between growth traits expressed in different environments, 
which may be due to some animals having insufficient links across the different contemporary groups 
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or environments. However, the genetic correlations estimated through Pearson's correlations between 
EBVs (from all animals and also only sires) provide an under-estimation of the true genetic 
correlation. Examination of only the sire EBVs show that evaluation of G×E can be made on a sire 
level. Due to the similarity in Pearson's correlations, if sires have progeny in all environments, this 
may be equivalent to examination on the individual animal level. In reality, the true genetic 
correlation may be in between the estimates produced through Pearson’s correlations between EBVs 
and bivariate analyses.  
An additional requirement for the analysis of G×E is sufficiently large contemporary group 
sizes. Simulations have shown that small contemporary groups (defined as 10 members) produce an 
over-estimation of genetic correlations compared to larger contemporary groups (defined as 50 
members) (Calus et al. 2004). Contemporary group size does not appear to be an issue in this current 
study, since any contemporary groups with less than 50 members were not included in analyses. 
 
Environmental descriptors based on contemporary group estimates of alternative traits 
Environments were quantified using contemporary group estimates of ADG and BF by Gilbert et al. 
(2014), and used to assess the environmental sensitivity of ADG and BF for two pig lines that were 
divergently selected for residual feed intake. Using various models to derive the contemporary group 
estimates, there were low and negative Pearson's correlations between the contemporary group 
estimates of the two traits. However, the environmental sensitivity of the two lines for ADG and BF 
were assessed using only the contemporary group estimates from the trait being analysed. That is, 
contemporary group estimates of ADG for the analysis of ADG, and contemporary group estimates 
of BF for the analysis of BF, and there was no use of contemporary group estimates from the alternate 
trait.  
Li and Hermesch (2016) also used contemporary group estimates of ADG and BF to quantify 
the environment. As found in this current study, there was a low positive correlation of 0.12 between 
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the contemporary group estimates derived from the two traits. Growth was evaluated using sire 
reaction norm models, using the contemporary group estimates from both traits. While the 
contemporary group estimates of BF as the single primary environmental descriptor was not reported, 
use of contemporary group estimates of ADG as the primary descriptor and BF as the secondary 
descriptor found significant sire by environment interactions for both environments. This warrants 
further exploration of environmental descriptors based on contemporary group estimates of BF for 
the analysis of G×E for growth.  
 
CONCLUSIONS 
This postscript reports more accurate estimates of the genetic correlations between growth traits 
defined in different environments using a series of bivariate animal models. However, these may be 
over-estimations due to lack of linkage between contemporary groups and environments. Evaluation 
of G×E can be performed on a sire level, provided that sires are well represented by their progeny 
across all environments. Use of the environmental descriptor of backfat increased the ability to detect 
G×E compared to use of an environmental descriptor of growth. The potential use of alternative 
performance traits as environmental descriptors should be further investigated.  
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This publication further contributes to the second research question, where additional performance 
traits were used to derive contemporary group estimates as environmental descriptors. A different 
herd was used for this chapter as there were records on additional traits were available. Further, a 
different genetic model was used to evaluate the extent of variation in growth across environmental 
trajectories.  
Contemporary group estimates of average daily gain, backfat, daily feed intake, and muscle 
depth were used to define the environment. These four environmental descriptors were used 
individually, and simultaneously (combined through principal component analysis), to evaluate sire 
by environment interaction for growth using the sire interaction model.  
This publication concluded that contemporary group estimates of average daily gain, backfat, 
muscle depth and daily feed intake, captured different aspects of the environment. This warranted 
combining these traits through principal component analysis. There was significant sire by 
environment interaction when environments were defined by average daily gain. A significant sire by 
environment interaction was also detected using the first principal component as the overall 
descriptor, however this overall descriptor was heavily made up by average daily gain. While use of 
all traits simultaneously is expected to capture more environmental variation and can be argued to be 
a more objective measure of the environment, use of the environmental descriptor based on average 
daily gain alone appears adequate in describing phenotypic variability attributed to sire by 
environment interaction for growth.  
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ABSTRACT 
Environmental descriptors based on contemporary group estimates of average daily gain (ADG), 
backfat (BF), daily feed intake (DFI) and muscle depth (MD) were used to evaluate sire by 
environment interactions (S×E) for growth rate of pigs. Further, these descriptors were combined 
using principal component analysis and the first principal component (PC1) was used as an overall 
environmental descriptor. Use of the environmental descriptors based on MD, BF and DFI did not 
detect any S×E for growth. However, significant S×E was detected using the environmental 
descriptor based on ADG and also the overall descriptor based on PC1, where the S×E variance 
components accounted for 2.1% and 1.8% of the phenotypic variance. While an environmental 
descriptor that encompasses more traits is expected to capture more environmental variation, use of 
the environmental descriptor based on ADG alone may be adequate to describe phenotypic variability 
attributed to S×E for growth. 
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INTRODUCTION 
Environments can be quantified by contemporary group (CG) estimates of performance traits, 
adjusted for systematic and genetic effects. Environmental descriptors based on CG estimates of 
multiple production traits have been used in dairy cattle, which have been applied to the evaluation 
of genotype by environment interaction for fertility traits (Strandberg et al. 2009). In pigs, estimates 
of CG effects based on number born alive and numbers weaned have been used to quantify disease 
environments affecting sow reproductive performance (Herrero-Medrano et al. 2015). Meanwhile, 
use of CG estimates to describe growth rate of the pig has been limited to lifetime average daily gain 
(ADG) and backfat (BF) (Hermesch et al. 2006; Guy et al. 2015).  
The objective of this study was to extend the traits used to derive environmental descriptors, to 
also include daily feed intake (DFI) and muscle depth (MD). These environmental descriptors will be 
used individually, as well as combined into an overall descriptor, to describe variation in the growth 
performance of sire progeny across different environments, i.e. sire by environment interaction (S×E) 
for growth. It is hypothesised that use of more traits will capture additional variation in the 
environment, and hence the ability to detect S×E will improve.  
 
MATERIALS AND METHODS 
Data 
Pedigree and production records were available from a commercial piggery, located in the Riverina 
region of NSW, Australia. Only pigs that had records for all traits of interest were included in the 
study. Feed intake was only recorded from between 2004 and 2010 for entire males from 2 lines. 
These boars were housed in the normal production environment until 112 days of age on average, 
then moved to pens equipped with electronic feeders. After an adjustment period of 5-7 days, boars 
were weighed and classified 'on test'. Only boars with a test age of between 109 and 133 days were 
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included in analysis. The average weight at start of test was 71.3 ± 7.6 kg (mean ± SD). Boars were 
on test for an average of 36 days. For analysis, DFI was defined as the average amount of feed 
consumed per day during the testing period (kg/day). Measurements for BF (average of measurements 
at last rib and base of tail, mm) and MD (between the 3rd and 4th last ribs, mm) were taken at the end 
of the test period with real-time ultrasound. For inclusion in the analysis, all production traits were 
restricted to within 4 standard deviations of the raw mean. 
Boars that were tested in the same week and year were assumed to be under the same managerial 
and environmental conditions, and were therefore allocated to the same CG. The minimum size of 
the CGs was set at 15 pigs, giving a total of 255 CGs. The CG sizes ranged from 16 to 107 pigs, with 
an average of 30 pigs. There were on average 11 sires represented in each CG.   
After data cleaning, there were 7,746 individual records, representing 448 sires and 2,565 dams 
from 4,245 litters. The average weight at the end of the test period was 102.5 ± 10.7 kg, at an average 
age of 157 ± 7 days.  
Analysis 
In the first step of analysis, environmental descriptors were derived from animal models for the 4 
production traits using ASReml (Gilmour et al. 2009): 
ADGijklm= + Linei + Seasonj + Animalk + Litterl + CGm +ijklm 
BFikmn =  + Linei + EndWeightn + Animalk + CGm + ikmn 
DFIijklmp =  + Linei + Seasonj + StartWeightp + Animalk + Litterl + CGm + ijklmp 
MDikmn =  + Linei + EndWeightn + Animalk + CGm + ikmn 
where is the overall mean for the trait of interest. All models contained the fixed effect of the ith 
Line (2 levels), and random additive genetic effect of the kth animal, random effect of the mth test 
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week-year CG and random residual effect , which was unique to each trait. Litterl as a random effect 
was significant only for ADG and DFI. Additional fixed effects included Seasonj (4 levels) for ADG 
and DFI, covariate of weight at end of test period (EndWeightn) for BF and MD, and covariate of 
weight at start of test period (StartWeightp) for DFI.  
Estimates of CG effects were extracted from each of these models and combined through 
principal component analysis using the prcomp() function in R (R Core Team 2016). Principal 
component analysis combines variables by producing weighted linear combinations that capture 
maximum variation. It is therefore dependent on scale, so CG estimates were scaled to a variance of 
1. The first principal component (PC1) was used as the overall descriptor. Environments were 
categorised by partitioning each environmental descriptor into quintiles. Pigs were assigned an 
environment according to the CG they belonged to, with each pig having an environment based on 
the CG estimates of the 4 traits, as well as the overall descriptor. 
In the second step of analysis, S×E for growth was evaluated using the environments 
characterised from the 5 environmental descriptors derived in the first step. A separate sire model 
was used for each descriptor:  
yijklmnp =  + Linei + Seasonk + Sirel + S×Elm + Littern + CGp + ijklmnp 
where yijklmn is the ADG of the j
th progeny of sire l in the mth environment (E). The amount of S×E for 
growth was quantified by the S×E variance component.  
 
RESULTS AND DISCUSSION 
Boars had a mean ADG of 653.8 ± 65.0 g/day, a mean BF measurement of 8.8 ± 1.8 mm, a mean DFI 
of 2.10 ± 0.37 kg/day and a mean MD of 45.5 ± 5.8 mm.  
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Estimates of CG effects ranged from -53.5 to 56.6 g/day for ADG, -1.66 to 2.18 mm for BF,     
-0.46 to 0.49 kg/day for DFI, and -5.04 to 10.49 mm for MD. Pearson's correlations between these 
CG estimates were all positive and less than 0.15, except for between ADG and DFI (0.39). This 
suggests these 4 traits capture different aspects of the environment.  
Genetic parameter estimates for each trait are presented in Table 5-1 to assess the fitted models 
used to derive environmental descriptors. Heritability estimates for the 4 traits align with previous 
studies (Hermesch 2008), although they were slightly lower due to the inclusion of CG variance 
component in the calculation of the phenotypic variance estimate. The estimated common litter effect 
was lower than expected, which may be due to a low average of 1.8 boars/litter tested.  
 
Table 5-1. Genetic parameter estimates of average daily gain (ADG) (g/day), backfat (BF) 
(mm), daily feed intake (DFI) (kg/day) and muscle depth (MD) (mm), using models from which 
contemporary group estimates were used as environmental descriptors  
 
Trait  2ˆ
P
 ± SE 2ˆ
 ± SE 
2hˆ ± SE 2cˆ ± SE 2iˆ ± SE 
ADG 4063.2 ± 87.6 2328.3 ± 82.7 0.22 ± 0.03 0.06 ± 0.01 0.15 ± 0.01 
BF  2.34 ± 0.06 1.16 ± 0.05 0.29 ± 0.02 - 0.21 ± 0.02 
DFI 0.12 ± 0.003 0.06 ± 0.002 0.22 ± 0.03 0.04 ± 0.01 0.23 ± 0.02 
MD  28.8 ± 0.95 13.7 ± 0.50 0.21 ± 0.02 - 0.31 ± 0.02 
 
Abbreviations of estimates: 2ˆ
P
 = phenotypic variance, 2ˆ = residual variance, 
2hˆ = heritability,  
2cˆ = proportion of phenotypic variance attributed to common litter effect, 
2iˆ = proportion of phenotypic variance attributed 
to contemporary group effect 
 
 
 
The CG estimates based on the 4 traits were combined through principal component analysis. The 
first principal component (PC1) explained 37.5% of the variation, and the second principal 
component (PC2) explained 26.1%. For PC1, the greatest emphasis was placed on ADG and DFI, 
with loadings of 0.60 and 0.64 respectively. The PC1 loading for BF was 0.35 and 0.31 for MD. 
Meanwhile, PC2 placed the greatest emphasis on the carcass traits, with loadings of 0.59 for BF, 0.65 
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for MD, -0.40 for ADG and -0.26 for DFI. These loadings suggest associations between the 
descriptors based on ADG and DFI, and also between the descriptors based on BF and MD. 
The environments characterised by the 5 descriptors were used in sire interaction models to 
evaluate S×E for growth rate, and results are presented in Table 5-2. Estimates of additive genetic 
variance using descriptors based on BF and MD were larger but not appreciably different, considering 
their standard errors. Other variance components, except for the S×E term, remained fairly consistent 
across models using different environmental descriptors.  
 
Table 5-2. Genetic parameter estimates for the analysis of sire by environment interaction 
(S×E) for growth rate, using environmental descriptors based of average daily gain (ADG), 
backfat (BF), daily feed intake (DFI), muscle depth (MD), and all 4 traits combined using the 
first principal component (PC1) 
 
Descriptor 2ˆ
A
 ± SE 
2ˆ
CG ± SE 
2
×
ˆ
ES ± SE 
2ˆ
P
 ± SE 2hˆ ± SE 2cˆ ± SE 
ADG 1022.1 ± 173.9 532.1 ± 65.6 87.0 ± 37.9 4060.3 ± 87.5 0.25 ± 0.04 0.10 ± 0.01 
BF 1104.9 ± 171.5 586.8 ± 68.3 12.6 ± 28.9 4099.0 ± 90.1 0.27 ± 0.04 0.11 ± 0.01 
DFI 1067.5 ± 171.6 584.1 ± 68.3 32.4 ± 30.9 4095.1 ± 89.9 0.26 ± 0.04 0.11 ± 0.01 
MD 1123.4 ± 171.5 587.3 ± 68.3 0.28 ± 30.2 4099.2 ± 90.1 0.27 ± 0.04 0.11 ± 0.01 
PC1 1009.5 ± 173.9 561.0 ± 67.0 74.1 ± 36.5 4079.8 ± 88.8 0.25 ± 0.04 0.10 ± 0.01 
 
Abbreviations of estimates: 2ˆ A = additive genetic variance (calculated as 4 times the sire variance component estimate), 
2
×
ˆ
ES
  = sire by environment interaction variance component. Other abbreviations as explained in Table 5-1. 
Note: Significant S×E in bold  
 
There was no or minimal S×E for growth detected using the environmental descriptor based on MD, 
BF, and DFI, with the interaction terms accounting for 0.01%, 0.3% and 0.8% of the phenotypic 
variance, respectively. However, there was significant S×E for growth when using the environmental 
descriptor based on PC1, which accounted for 1.8% of the phenotypic variance. Although not 
substantially different, the environmental descriptor based on ADG accounted for even more 
phenotypic variance at 2.1%. Therefore, the ability to detect S×E for growth rate was greatest using 
either the environmental descriptor based on ADG or the overall descriptor. 
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The trait used to quantify the environment is usually based on the same trait that is being 
modelled. For example, numbers born alive was used to quantify disease environments, in which sow 
reproductive performance was assessed using numbers born alive (Herrero-Medrano et al. 2015). 
This was also the case for the environmental descriptor based on ADG used in this current study. 
While ADG appears to be the driver of PC1, this overall descriptor may appear to be a more objective 
measure of the environment as it does not solely depend on the trait being modelled. However, use 
of PC1 does not appear to capture more variation in the environment to increase the ability to detect 
S×E, and the descriptor based on ADG alone appears sufficient.  
Estimates of heritability for ADG were lower using the animal model in the first step of analysis 
compared to the sire model estimates in the second step of analysis, although they were not 
appreciably different when taking standard errors into account. Other variance components were 
stable across models except for estimates of litter effect and residual variances, which were both 
larger in the sire model. Higher estimates of litter effect in sire models may be attributed to the dam 
genetic effect being absorbed by the litter component.  
The environmental descriptors were partitioned into quintiles to allow for ~ 1,500 pigs 
classified in each environment. This resulted in 10-17% of sires with progeny across all 5 
environments, and 22-25% with progeny in only 1 environment. The ability to detect S×E is greatest 
when sires are represented across all environments, which can be achieved if the descriptor is 
partitioned into fewer environments. However, this needs to be balanced out with the need for 
sufficient differences between environments in order to detect S×E for growth.  
 
CONCLUSIONS 
This paper considers CG estimates of alternative production traits as a practical way to quantify the 
pig environment. The sire interaction model provides a simple method to evaluate the presence of 
S×E for selection decisions, where estimated breeding values for sires are available across all 
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environments, as well as for specific environments. While a descriptor that encompasses alternative 
traits may be a more objective measure of the environment, use of the environmental descriptor based 
on ADG alone may be sufficient to capture most of the phenotypic variability attributed to S×E.  
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ABSTRACT 
The phenotypic average of a contemporary group (CG) is a practical way to quantify the environment 
as it uses standard performance records collected on farm. The objective of this study was to extend 
the traits used to derive environmental descriptors of the growing pig, to include early growth between 
birth and start of feed intake test (EADG), growth during feed intake test (TADG), lifetime growth 
(ADG), daily feed intake (DFI), backfat (BF) and muscle depth (MD). These definitions of the 
environment were used in reaction norm analysis of growth, to assess variation between sires in the 
response of their progeny to variation in environments (n = 448), that is, sire by environment 
interaction (Sire×E) for growth. Pedigree and performance records from a commercial Australian 
piggery were used to derive CG estimates of these six traits (n = 7,746), which were further combined 
using principal component analysis. The CG estimates of growth traits described different aspects of 
the environment from the CG estimates of carcass traits (r < 0.10). The most appropriate reaction 
norm model to evaluate Sire×E for growth was dependent on the environmental descriptor used. If 
the trait used to derive an environmental descriptor was distinctly different from growth, CG as an 
additional random effect was required. Otherwise, the unaccounted environmental variability resulted 
in inflated estimates of the common litter effect and sire intercept variance (as demonstrated with use 
of the environmental descriptor based on CG estimates of BF and MD). There was no value in using 
the overall descriptor derived by principal component analysis. There was no detectable Sire×E using 
any of the definitions of the environment, with estimated variance in sire slopes largest when 
environments were defined by CG estimates of BF ( 2ˆbi = 97 ± 83 (g/day)
2), followed by 
environments defined by CG estimates of DFI ( 2ˆbi = 39 ± 101 (g/day)
2). The proportions of 
phenotypic variance attributed to the interaction using these environmental descriptors were 2.8% 
and 1.1%, respectively. While there appears to be differences in ability to detect Sire×E, improved 
data structure and quantity are required to better assess these environmental descriptors based on 
alternative traits.  
Keywords: genotype by environment interaction, sire by environment interaction  
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INTRODUCTION 
The phenotypic averages of contemporary groups (CGs), adjusted for genetic and known systematic 
effects, are a practical way to quantify the environment. These CG estimates are assumed to capture 
all aspects of the environment. This approach of regressing performance on a phenotypic mean 
(Finlay & Wilkinson 1963) can be used when the environment is complex, or there are no measures 
of the environment available. Environmental descriptors based on CG estimates allow routine 
assessment of variation in response of genotypes across environments (genotype by environment 
interaction, G×E), using standard production records collected on farms.  
Environmental descriptors based on CG estimates have been derived from multiple production 
traits and herd characteristics of dairy cattle, as well as the climatic conditions that the CGs were 
exposed to (Fikse et al. 2003). Production traits have been combined in an environmental index in 
dairy (Haskell et al. 2007), and used with fertility and production indexes for the evaluation of G×E 
for fertility traits (Strandberg et al. 2009). Clustering techniques have also been used to categorise 
environments for the analysis of G×E of multiple traits in sheep (McLaren et al. 2014; McLaren et 
al. 2015) and in dairy cattle (Huquet et al. 2012). In pigs, the environment of the sow during farrowing 
has been quantified through CG estimates of numbers born alive and numbers weaned (Knap & Su 
2008). Rolling means of these CG estimates allow identification of  healthy and diseased phases in 
production (Lewis et al. 2007; Mathur et al. 2014), and have been used to assess sow robustness to 
infection challenges (Rashidi et al. 2014; Herrero-Medrano et al. 2015). Meanwhile, the environment 
of the growing pig has been quantified through CG estimates of feeding level (Hermesch et al. 2006), 
lifetime average daily gain (ADG) and backfat (BF) (Gilbert et al. 2014; Guy et al. 2015; Li & 
Hermesch 2016; Guy et al. 2017b). Alternative traits have been explored, to also include daily feed 
intake (DFI) and muscle depth (MD) (Guy et al. 2017a). The CG estimates of ADG, BF, DFI and 
MD were used as environmental descriptors to evaluate sire by environment interaction (Sire×E) 
using sire interaction models, where environments defined by ADG had a marked ability to detect 
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Sire×E of growth (Guy et al. 2017a). This sire interaction approach requires categorisation of 
environments from a continuous environmental descriptor, which may result in loss of information. 
Therefore, the reaction norm approach to assess Sire×E should be explored to allow treatment of the 
environmental descriptor as a continuous predictor variable. 
Environmental descriptors based on CG estimates of different traits appear to capture different 
aspects of the environment (Guy et al. 2015; Li & Hermesch 2016; Guy et al. 2017a; Guy et al. 
2017b). Although it may be beneficial to utilise information from different traits simultaneously, an 
environment defined through ADG appears to be the most important for the detection of Sire×E for 
growth (Guy et al. 2017a). The objective of this study was to further extend the growth traits used to 
derive CG estimates, to include growth defined at different time periods across production. Single-
trait environmental descriptors were used individually, as well as simultaneously, as continuous 
environmental descriptors in reaction norm models to assess sire robustness through progeny 
performance across the environmental trajectory, that is, Sire×E. It was hypothesised that use of 
environmental descriptors based on different traits will vary in their ability to detect Sire×E for growth 
in pigs.  
 
MATERIALS AND METHODS 
Data 
Production and pedigree records were available from a commercial piggery in the Riverina region of 
NSW, Australia. Only pigs that had records on all traits of interest were included for analysis. Feed 
intake was recorded from 2003 and 2010 for 7,925 entire males from two lines – a Large White 
maternal line and a Duroc cross terminal sire line. These boars were housed in the normal production 
environment until an average age of 112 ± 5.1 days (± SD). They were moved to pens equipped with 
electronic feeders and allowed an adjustment period of approximately five days before being weighed 
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and classified 'on test'. Boars were fed ad libitum in pens of about 30 pigs. After an average of 35 
days, they were re-weighed and feed conversion ratio was calculated.  
Since weight was measured at the start and at the end of feed intake test, three growth traits 
were defined: early growth between birth and start of feed intake test (EADG), growth during feed 
intake test (TADG) and lifetime growth (ADG). Since feed conversion ratio can be affected by both 
the amount of feed consumed (numerator of the ratio) and the weight gained during that time 
(denominator of the ratio), daily feed intake (DFI) was the feed intake trait chosen for analysis in this 
study. This was calculated as the average amount of feed consumed per day during test period 
(kg/day). 
The live carcass measurements of backfat (BF) and muscle depth (MD) were measured using 
ultrasound at the end of the feed intake test period. The measurement for BF was the average of fat 
depth taken at P2 (head of the last rib and 65 mm down the side of the midline) and P4 (base of the 
tail, 60 mm from down the side from the midline) (mm). The measurement for MD was taken between 
the 3rd and 4th ribs (mm).  
Weight at end of test, EADG, TADG, ADG, DFI, BF and MD were all restricted to within four 
standard deviations of the original mean. Since feed efficiency testing was an age-based test, only 
boars of test age of between 108 and 132 days were included in analysis (two standard deviations of 
the original mean). Further, the number of days on test was restricted to two standard deviations 
(between 30-40 days on test).   
The members of a CG are those that are in the same environmental and managerial conditions 
at a certain point in time of production, so that they have equal opportunity to perform. Therefore, a 
CG should be defined to reflect production as closely as possible. Animals that were weaned within 
a one-week period generally stayed together until testing. Therefore, CGs were defined as the boars 
tested in the same week of the year (test-week CG). When defining CGs, a balance needs to be 
achieved between group size, number of sires within each CG, and the number of records remaining 
for analysis (Rothschild et al. 1987). Since the primary use of these CG estimates was as 
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environmental descriptors for the evaluation of Sire×E, the greatest priorities were placed on 
sufficient CG sizes and sire representation within each CG. Any CGs with less than 15 members or 
less than three sires represented in the CG were removed from analysis. Further restrictions that were 
placed on the data to ensure sufficient sire representation across the continuous environmental 
trajectory are described in Step 2 of the Statistical analysis section.  
After data cleaning, there were 7,746 individual boars, each with one record available on 
EADG, TADG, ADG, DFI, BF and MD. The average age at start of feed efficiency test was 119 ± 5 
days, at an average weight of 70.8 ± 7.8 kg. The average weight at end of test was 102 ± 10.7 kg at 
an average age of 157 ± 7 days. There were 255 CGs, which had an average size of 30, ranging in 
size from 16 to 107 boars. There were 448 sires, with an average of 11 sires in each CG (range = 3 to 
22 sires).  
 
Statistical analysis 
To summarise, the analysis was conducted in a two-step process. In the first step of analysis, CG 
estimates were derived for each trait and considered as single-trait environmental descriptors. These 
descriptors were then combined into an overall environmental descriptor using principal component 
analysis (PCA). These single-trait environmental descriptors and the overall environmental descriptor 
were used in the second step of analysis to evaluate Sire×E for growth.  Further descriptions of each 
step are described below. 
 
Step 1- Estimates of contemporary group effects as environmental descriptors  
Using ASReml (Gilmour et al. 2009), single-trait environmental descriptors were derived using CG 
estimates of EADG, TADG, ADG, DFI, BF and MD. The final models used to estimate these CG 
effects for the six traits are outlined in Table 6-1. These models were initially chosen by backward 
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elimination. Further, the CG estimates from models containing different significant fixed effects were 
all highly correlated.  
 
Table 6-1. Fixed and random effects included to model early growth (EADG), growth during 
test period (TADG), lifetime growth (ADG), daily feed intake (DFI), backfat (BF) and muscle 
depth (MD), from which week-year contemporary group (CG) estimates were used as 
environmental descriptors of the growing pig (n = 7,746) 
 
Trait Units Fixed effects Random effects 
  Breed Parity Season 
Start 
Weighta 
End 
Weightb 
Litter Animal CG 
EADG g/day   - - -    
TADG g/day  -  - -    
ADG g/day  -  - -    
DFI kg/day  -   -    
BF mm  - - -  -   
MD mm  - - -  -   
a Linear covariate of body weight at start of feed intake test  
b Linear covariate of body weight at end of feed intake test 
 
 
All models contained the random effects of week-year CG and Animal as the additive genetic effect 
based on the pedigree. Week-year CG was treated as a random effect to allow for potential bias from 
non-random allocation of sires in environments (Schaeffer 2009). Further, Pearson's correlations 
between CG estimates from models where CG was treated as a random effect and the CG estimates 
where CG was treated as a fixed effect were greater than 0.7 for all traits.  The significance of random 
effects were tested using the likelihood ratio test. Litter, the common litter effect (4,245 litters) was 
significant for EADG, TADG, ADG and DFI only. 
All models contained the fixed effect of line (two levels). Parity (one to six) was fitted only for 
EADG. The linear covariate of body weight at end of feed intake test (EndWeight) was fitted for BF 
and MD. Body weight at the beginning of feed intake test (StartWeight) was fitted as a linear covariate 
for DFI. Season was defined as the grouping of three months (four levels), and only fitted for TADG, 
ADG and DFI. This effect was included to account for the known, systematic environmental 
challenges that may be captured by CG estimates. It can be argued that inclusion of season in the 
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model provides an environmental descriptor that contains challenges other than seasonal effects, 
which may then provide a finer definition of the possible infection challenges in the environment. 
This concept of separating the challenges captured in CG estimates is explored further in Chapters 7 
and 8 of this thesis. 
The CG estimates of the six traits were extracted from the univariate animal models described 
above, and considered as single-trait environmental descriptors. Each boar was allocated a measure 
of their environment using the six single-trait environmental descriptors, depending on the week-year 
CG they belonged to. To simultaneously utilise information from all six traits, the CG estimates for 
all traits were standardised to unit variance, and combined through principal component analysis 
(PCA) using the prcomp() function in R (R Core Team 2016), and extract the first principal 
component (PC1). The aim was to capture the maximum environmental variation described by each 
single-trait environmental descriptor by deriving a new overall environmental descriptor based on 
linear weighted combinations of these single-trait descriptors.  
 
Genetic parameter estimates  
To evaluate the models from which CG estimates were extracted from, genetic parameters estimates 
of the six traits were examined. The total estimated variance (
2ˆ
T ) was the sum of all variance 
component estimates:  
22222 ˆˆˆˆˆ
  LACGT  
where 2ˆ
CG  is the estimated week-year CG variance, 
2ˆ
A  is the estimated additive genetic variance, 
2ˆ
L  is the estimated common litter variance and 
2ˆ
  is the estimated residual variance. Phenotypic 
variance          ( 2ˆ p ), conditional on a contemporary group, was estimated as: 
2222 ˆˆˆˆ
  LAp , 
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and heritability estimates as the proportion of estimated additive genetic variance attributed to the 
estimated phenotypic variance: 
2
2
2
ˆ
ˆˆ
p
Ah


 .
 
The proportion of the total variance attributed to the CG variance component ( CGpV ) was estimated 
as: 
2
2
ˆ
ˆ
T
CG
CGpV


 . 
 
Genetic correlations 
Genetic correlations between all traits were estimated using pairwise bivariate animal models in 
ASReml (Gilmour et al. 2009). The relevant fixed and random effects were as stated above, where 
univariate variance parameter estimates were used as starting values for the bivariate models. For all 
analyses between for traits i and j, the covariance between common litter effect (Litter) and between 
CG random effects were fixed to 0. That is:  
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where 2
Li and
2
Lj are the common litter variances of traits i and j, respectively; 
2
CGi  and 
2
CGi  
are 
the CG variances of traits i and j, respectively. 
Additive genetic effects were modelled as: 
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where 2
Ai  and 
2
Aj are the genetic variances of traits i and j, respectively, and Aij  is the genetic 
covariance estimated through pedigree connections.  
Estimates of genetic correlations (
grˆ ) between traits i and j were calculated by: 
( , )
2 2
ˆ
ˆ
ˆ ˆ
Aij
g i j
Ai Aj
r


 
 
where 
Aijˆ  is the estimated additive genetic covariance between trait i and j, 
2ˆ
Ai  is the estimated 
additive genetic variance of trait i, and 2ˆ
Aj  is the estimated additive genetic variance of trait j. 
 
Step 2- Sire by environment interaction for growth using reaction norm analysis  
Variation between sires in their progeny growth response to variation in environment (Sire×E) was 
assessed using reaction norm models, with environments quantified by CG estimates derived in Step 
1 of the analysis. Since the environmental trajectories were continuous predictor variables, sires were 
required to have progeny across a sufficient environmental trajectory (quantified through CG 
estimates). Sires may have been represented in multiple CGs, however, the environments in which 
their progeny performed in may not have been sufficiently different. This required further restrictions 
placed on the data used in this step of the analysis. After examining the number of CGs sires had 
progeny in, and the resulting range in environments the sires were represented in, it was decided that 
sires had to have progeny in at least five CGs. This restricted Sire×E analysis to 6,340 individual 
boars with records, representing 232 sires.  
A separate reaction norm model for each of the six single-trait environmental descriptors, and 
the overall environmental descriptor based on PC1, was used to evaluate Sire×E for growth. Three 
reaction norm models were investigated. For all models, the environmental parameter was scaled 
using a Legendre polynomial of order 1 (linear). The first model, Model A, can be considered as the 
traditional reaction norm model, which contains xij as a fixed effect of the general environment. The 
model was as follows: 
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Model A: ADGij = + Linek + Seasonn + 1xij + Sireai + Sirebi.xij + Litterl +ij, 
 
where ADG is the lifetime growth of progeny j of sire i, is the overall mean, xij is the environmental 
descriptor (quantified in Step 1 of analysis) with a general environmental effect of 1 (overall slope) 
for progeny j of sire i, from Line k, Season n, and Litter l; Sireai is the random intercept of the reaction 
norm of sire i, Sirebi is the random slope of the reaction norm for each sire i across the environment 
xij, and ij is the unique error associated with each observation. Note that the slope for sire i is 
consequently 1 + Sirebi. 
The second model, Model B, was an extension to Model A, which contained an additional 
random effect of CG. This model was explored because the use of some environmental descriptors 
resulted in litter variance estimates larger than expected. This inflated litter variance suggests 
insufficient environmental variation accounted for in the model, and CG was included to explore its 
ability to account for environmental variation. The model was as follows:  
 
Model B: ADGij = + Linek + Seasonn + 1xij + Sireai + Sirebi.xij + Litterl + CGm +ij, 
 
where CGm is the random effect of the mth week-year CG of test (as described in the Data section). 
If the overall environmental effect was estimated as not significantly different from 0 (i.e.
 1ˆ
 ≈ 
0), the model was further reduced without xij: 
 
Model C: ADGij = + Linek + Seasonn + Sireai + Sirebi.xij + Litterl + CGm+ij  
 
For all models, the common litter effect was assumed to be N(0, I
2
L ), CG was assumed to be N(0, I
2
CG ), and residual was assumed to be N(0, I
2
 ). 
2
L  is the common litter variance, 
2
CG  is the CG 
variance, and 2  
is the residual variance, which were estimated from Step 2 of the reaction norm 
models. In any models that had convergence issues in fitting the model or non-viable estimates, the 
6 ALTERNATIVE TRAITS EXTENDED  
100 
 
genetic covariance between intercept and slope were fixed at zero. The additive sire genetic regression 
coefficients (intercepts and slopes) were assumed to be  AG0 ,N . That is:  
 
V 
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 = AG  , 
 
 
with G  being the genetic variance-covariance matrix: 









2
2
bab
aba
ss
ss


G  
 
where 2
as
  is the variance of sire intercepts, 
abs
  is the covariance between sire intercept and slope, 
and 2
bs
  is the variance of sire slopes; and A  is the numerator relationship matrix based on the 
pedigree. The sire genetic variance at a given environmental value x was estimated as: 
2
|
ˆ
xs = 0.5 aba ss x ˆ41422.1ˆ
2   + x2 2ˆ
bs
            
 
 i.e. 'xGx where x  is the row vector of the environmental trajectory  x,70711.0 .  
Heritability across the environmental trajectory (x) was calculated as:  
 
 
 
REML estimates of the variance and covariance components were used in the estimate of heritability. 
Higher order reaction norms were explored but the extra complexity of the models resulted in 
convergence issues. Heterogeneous variances were also explored but not warranted because residual 
variances across environments were fairly stable when the environmental trajectory was partitioned 
into quintiles. Therefore, linear reaction norm models assuming homogenous residual variances were 
fitted. 
The level of Sire×E for growth was estimated as the proportion of the phenotypic variance 
attributed to the variation in sire slopes ( 2iˆ ). That is,  
22
2
ˆˆ'
'4
|ˆ
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RESULTS 
The six traits used to derive environmental descriptors based on contemporary (CG) estimates were 
early growth (EADG), growth during test period (TADG), lifetime average daily gain (ADG), daily 
feed intake (DFI), backfat (BF) and muscle depth (MD), summarised in Table 6-2. The most variable 
phenotype relative to the mean was TADG (CV = 0.22), followed by BF (CV = 0.20). The least 
variable traits were EADG and ADG (CV = 0.10).  
 
 
Table 6-2. Descriptive statistics for early growth (EADG), growth during test period (TADG), 
lifetime growth (ADG), daily feed intake (DFI), backfat (BF) and  muscle depth (MD), which 
were used to derive environmental descriptors based on contemporary group estimates (n = 
7,746) 
 
Trait (Units) Mean ± SD CV

EADG (g/day) 587.8 ± 56.9 0.10 
TADG (g/day) 880.4 ± 176.3 0.22 
ADG (g/day) 653.8 ± 65.0 0.10 
DFI (kg/day) 2.10 ± 0.4 0.17 
BF (mm) 8.8 ± 1.8 0.20 
MD (mm) 45.5 ± 5.8 0.13 
 
 
 
Step 1- Estimates of contemporary group effects as environmental descriptors  
The CG estimates ranged from -50.2 to 59.8 g/day for EADG, -199.1 to 203.8 g/day for TADG, -53.5 
to 56.6 g/day for ADG, -0.46 to 0.49 kg/day for DFI, -1.66 to 2.18 mm for BF, and -0.50 to 1.05 mm 
for MD. The genetic parameter estimates of the traits used to derive these CG estimates are presented 
in Table 6-3. 
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Table 6-3. Genetic parameter estimates1 for early growth (EADG), growth during test period (TADG), lifetime growth (ADG), daily feed 
intake (DFI), backfat (BF) and  muscle depth (MD), from which contemporary group (CG) estimates were used as environmental descriptor 
of the growing pig 
 
Trait (units) 2ˆCG ± SE 
2ˆ
 ± SE 
2ˆ
P ± SE
2ˆ
T  ± SE
2hˆ ± SE 
2cˆ ± SE 
CGpV ± SE
EADG (g/day) 442.7 ± 50.7 1731.5 ± 61.8 2646.5 ± 47.5 3089.2 ± 66.9 0.24 ± 0.03 0.11 ± 0.02 0.14 ± 0.01 
TADG (g/day) 6375.9 ± 667.1 18303.0 ± 577.0 24190.0 ± 420.9 30566.0 ± 771.6 0.21  ± 0.03 0.04 ± 0.02 0.21 ± 0.02 
ADG (g/day) 576.6 ± 66.6 2328.3 ± 82.7 3486.6 ± 62.6 4063.2 ± 87.6 0.26 ± 0.03 0.07 ± 0.02 0.14 ± 0.01 
DFI (kg/day) 0.50 ± 0.05 0.06 ± 0.002 0.095 ± 0.002 0.12 ± 0.003 0.28 ± 0.03 0.05 ± 0.02 0.23 ± 0.02 
BF (mm) 0.03 ± 0.003 1.16 ± 0.05 1.84 ± 0.03 2.34 ± 0.06 0.37 ± 0.03 - 0.27 ± 0.03 
MD (mm) 9.07 ± 0.89 0.14 ± 0.005 19.74 ± 0.36 28.8 ± 0.95 0.30 ± 0.03 - 0.31 ± 0.02 
1 2ˆ
CG = CG variance component; 
2ˆ
  = residual variance;
2ˆ
P = phenotypic variance; 
2ˆ
L  = litter variance;  = total variance, 
2hˆ = heritability, 2cˆ = proportion of 
phenotypic variance attributed to litter effect, CGpV = percentage of total variance attributed to CG effect; where
2222 ˆˆˆˆ
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Heritability estimates were moderate for all traits, ranging from 0.21 to 0.37. The carcass traits had 
higher heritability estimates compared to the growth traits. The random week-year CG effect also 
accounted for the most total variation in carcass traits, at 31% for MD, followed by BF at 27%. The 
lowest amount the CG variance component accounted for was 14% of the total variation, for EADG 
and ADG. This implies that the phenotypic variability in carcass traits can be attributed to more 
genetic and environmental variability compared to the growth traits.  
Figure 6-1 shows the univariate distribution of the CG estimates of the six traits on their original 
scales (on the diagonal), with scatter plots to show the relationships between the CG estimates of each 
trait (below the diagonal) and Pearson's correlation between the CG estimates of each trait (above 
diagonal). These Pearson’s correlations describe the linear associations between environments 
described by the alternative traits.  
The environments described by CG estimates of ADG were highly correlated with the 
environments described by CG estimates of TADG (r = 0.74) and EADG (r = 0.71). On the other 
hand, there was a weaker positive relationship between the environment described by EADG and 
TADG (r = 0.08). These results reflect the whole-part relationship between ADG and EADG, as well 
as ADG and TADG. The lower Pearson’s correlation between environments defined by EADG and 
TADG suggests different early growth environment and test environments. This is anticipated since 
pigs experienced a change in environment from normal housing production to test station.  
The environments described by DFI had moderately strong positive relationships described by 
TADG (r = 0.64) and ADG (r = 0.40). However, there was a weak negative correlation between the 
environments defined by EADG and DFI (r = -0.06). There were weak positive relationships between 
CG estimates of DFI and BF (r = 0.14) and also MD (r = 0.10). There was also a fairly weak positive 
relationship between BF and MD (r = 0.14) 
Overall, there were weak positive linear relationships between the environments described by 
growth traits and the environments described by carcass traits (r < 0.10).  
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Figure 6-1. Univariate distributions of environmental descriptors based on contemporary group estimates of early growth (EADG, g/day), 
growth during test period (TADG, g/day), lifetime growth (ADG, g/day), daily feed intake (DFI, kg/day), backfat (BF, mm) and muscle 
depth (MD, mm) on their original scales (diagonal); Pearson's correlation coefficients between trait pairs (above diagonal); scatter plot of 
contemporary group estimates between trait pairs (below diagonal). 
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Overall environmental descriptor based on all traits  
The CG estimates for all six traits, which were scaled to unit variance, were combined using PCA 
(loadings shown in Table 6-4).  
 
Table 6-4. The first 4 principal component (PC) loadings for contemporary group estimates of 
early growth (EADG), growth during test period (TADG), lifetime growth (ADG), daily feed 
intake (DFI), backfat (BF) and muscle depth (MD)  
 
Trait PC1 PC2

PC3 PC4 
EADG 0.33 -0.70 0.24 0.04 
TADG  0.56 0.24 -0.24 -0.03 
ADG  0.60 -0.30 -0.01 -0.02 
DFI  0.44 0.49 -0.19 -0.03 
BF  0.13 0.27 0.61 0.73 
MD  0.11 0.22 0.69 -0.68 
Variation explained 40% 22% 18% 14% 
 
 
The first principal component (PC1) explained 40% of the variability in the CG estimates. The 
greatest emphasis was placed on ADG, TADG and DFI, with loadings of 0.60, 0.56 and 0.44 
respectively. The smallest emphasis was placed on BF and MD. The second principal component 
(PC2) explained a further 22% of the variability, with the largest negative emphasis on EADG with 
a loading of -0.70, and the largest positive emphasis of 0.49 on DFI. The only other trait with a 
negative loading was ADG (-0.30). Therefore, PC2 appears to separate EADG and ADG from the 
other traits. The third principal component (PC3) explained 18% of the variability and placed the 
largest positive emphasis on MD and BF, at 0.69 and 0.61 respectively. Since the purpose of using 
PCA was to obtain an overall environmental descriptor that utilised information from the CG 
estimates of all six traits, PC1 was chosen as the overall environmental descriptor, which was largely 
based on growth and DFI.  
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Estimates of genetic correlations between traits 
The genetic relationships between traits are shown in Table 6-5. There were very high genetic 
correlations between ADG and EADG ( grˆ = 0.92 ± 0.01), and between ADG and TADG ( grˆ = 0.86 
± 0.02), which reflect the whole-part relationships between these traits. This indicates that selection 
for high early growth, as well as high test growth, would result in an increase in lifetime growth. 
While, EADG and TADG appear to be genetically different traits   ( grˆ = 0.43 ± 0.07), selection for 
either growth trait will result in an increase in growth overall.  
As expected, there were high genetic correlations between the growth traits and DFI ( grˆ > 
0.75), except for EADG ( grˆ = 0.43 ± 0.06). The growth traits were lowly correlated with the carcass 
traits, indicating that growth and carcass traits are genetically distinct traits. Genetic correlation 
estimates for EADG were negative for both BF and MD, but positive for TADG and ADG. There 
was a larger positive genetic correlation between DFI and BF ( grˆ = 0.28 ± 0.06) compared to DFI 
and MD ( grˆ = 0.02 ± 0.07). The live carcass traits here are not genetically correlated ( grˆ = 0.02 ± 
0.08). 
 
Table 6-5. Estimates of genetic correlations between early growth (EADG), growth during test 
period (TADG), lifetime average daily gain (ADG), backfat (BF), daily feed intake (DFI) and 
muscle depth (MD), below the diagonal; SEs above diagonal 
 
grˆ  EADG TADG ADG DFI BF MD 
EADG  0.07 0.01 0.06 0.07 0.08 
TADG 0.43  0.02 0.04 0.07 0.07 
ADG 0.92 0.86  0.02 0.07 0.07 
DFI 0.43 0.75 0.86  0.06 0.07 
BF -0.13 0.13 0.005* 0.28  0.07 
MD -0.21 0.38 0.13 0.02* 0.02 *  
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*not appreciably different from 0 
Sire representation in environments  
Sires were represented in various environments through their progeny, where environments were 
quantified by the CG estimates of their progeny. The environmental ranges in which sires were 
represented in (on the original scale of each trait) are shown in Table 6-6.  For example, for the 
environment quantified by EADG, sires had progeny in environments that differed by an average of 
53.2 g/day. However, the range in environments ranged from between 6.73 g/day and 99.6 g/day. 
 
Table 6-6. The range in environments that 232 sires were represented in, where environments 
were quantified by contemporary group estimates of early growth (EADG), growth during test 
period (ADG), lifetime growth (ADG), daily feed intake (DFI), backfat (BF) and muscle depth 
(MD) 
Trait (units) Mean Minimum Maximum

EADG (g/day) 53.2 6.73 99.6 
TADG (g/day) 190.4 45.1 338.1 
ADG (g/day) 58.0 13.3 94.4 
DFI (kg/day) 0.40 0.11 0.95 
BF (mm) 1.76 0.32 3.84 
MD (mm) 6.60 0.76 15.5 
 
The range in environments in which sires were represented by their progeny in varied with each 
environmental descriptor. To allow a comparison of the environmental range across the different traits 
with different units and scale, the coefficient of variation of the environmental trajectory was also 
calculated. The coefficient of variation ranged from 0.30 to 0.36 for the growth traits, and 0.42 to 
0.49 for the carcass traits. This means that the sires were represented in the widest range of 
environments when environments were defined using BF and MD, while the lowest range in 
environments relative to the mean was using environments defined by ADG. This has implications 
for Step 2 of the analysis, as sires need to be represented in a sufficient range of environments for the 
detection of Sire×E. 
 
 
6 ALTERNATIVE TRAITS EXTENDED  
108 
 
 
Step 2- Reaction norm analysis  
In order to make a fair comparison between environmental descriptors based on different traits, the 
reaction norm parameter estimates presented in Table 6-7 are from models using environmental 
descriptors that were scaled to unit variance.  
The fitting procedure did not converge for the reaction norm models using environmental 
descriptors based on TADG, ADG and PC1. As a result, estimates from these models should be 
interpreted with caution. In these models, the covariance between intercept and slope (
abˆ ) were not 
viable due to low variance of the slope. Therefore, the genetic covariance between intercept and slope 
could not be appropriately estimated and so was fixed at zero.   
The residual variance was stable across both Model A (traditional model) and Model B 
(traditional model, with random CG), using the different environmental descriptors. This suggests 
that these reaction norm models were consistent in partitioning the phenotypic variance, into the 
genetic variance and unexplainable, residual variance. 
The fixed regression coefficient for the overall environmental effect (
1ˆ ) was not significantly 
different from 0 when the environmental descriptor was based on CG estimates of BF and MD, using 
both Model A and Model B. Meanwhile, the most significant fixed regression coefficient was using 
the environmental descriptor based on ADG for Model A. Therefore, the overall environmental effect 
depends on the trait upon which the environmental descriptor is based on.  
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Table 6-7. Parameter estimates1 ± SE of sire reaction norm models for growth, including the overall environmental slope  (Model A) or 
the overall environmental slope + contemporary group (CG) effect (Model B); using environmental descriptors based on contemporary 
group estimates2 of early growth (EADG), growth during test period (TADG), lifetime growth (ADG), daily feed intake (DFI), backfat (BF) 
and muscle depth (MD)  
 
Trait used 
1ˆ ± SE 
2ˆ
L  ± SE
 
2ˆ
CG  ± SE 
2ˆ
ai ± SE abˆ ± SE 
2ˆ
bi ± SE bag
r
,
ˆ ± SE
 
EADG        
Model A 19.0 ± 0.9 579 ± 62 - 695 ± 103 68 ± 71 102 ± 99 -0.26 ± 0.29 
Model B 251.4 448 ± 60 191 ± 34 545 ± 90 -27 ± 63 28 ± 88 -0.20  ± 0.61 
TADG        
Model A 20.6 ± 0.9 550 ± 62 - 658 ± 96 - 11 ± 77 - 
Model B 21.0 ± 1.2 426 ± 59 168 ± 31 520 ± 84 - 5×10-4 ± 1×10-5 - 
ADG        
Model A 26.8 ± 0.8 353 ± 54 - 446 ± 72 - 1×10-3 ± 3×10-5  - 
Model B 26.7 ± 0.8 335 ± 54 0 ± 0 420 ± 69 - 1×10-3 ± 3×10-5  - 
DFI        
Model A 10.6 ± 1.0 537 ± 61 - 883 ± 122 -166.9 ± 87 162 ± 130 -0.45 ± 0.27 
Model B 10.9 ± 1.6 435 ± 60 451 ± 59 541 ± 91 -101 ± 66 39 ± 101 -0.69 ± 0.92 
BF        
Model A 0.11 ±  1.1 NS 788 ± 69 - 1073 ± 147 -37 ± 99 180 ± 111 -0.08 ± 0.23 
Model B 0.38 ± 1.8 NS 427 ± 60 585 ± 72 563 ± 99 52 ± 70 97 ± 83 0.22  ± 0.29 
MD        
Model A -0.56 ±  1.2NS 786 ± 69 - 1206 ± 206 139 ± 124 187 ± 122 0.29 ± 0.20 
Model B 1.2 ± 1.8NS 433 ± 60 582 ± 71 686 ± 144 199 ± 84 42 ± 78 0.71 ± 0.53 
PC1        
Model A 16.8 ± 0.6 391 ± 56 - 507 ± 78 - 1×10-3 ± 3×10-5  - 
Model B 16.8 ± 0.6 389 ± 56 0 ± 0 485 ± 76 - 1×10-3 ± 3×10-5  - 
1 
1ˆ = overall environmental slope, expressed as growth per one SD of the environmental variable, as shown in Table 6-6, 
2ˆ
L = common litter variance, 
2ˆ
CG  = variance of 
contemporary group effect, = residual variance, 2ˆ
ai = variance of sire intercepts, abˆ = covariance between sire intercept and slope, 
2ˆ
bi = variance of sire slopes, bagr ,ˆ = 
genetic correlation between intercept and slope  
2
 scaled to unit variance   
NS not significant 
2ˆ

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Using model A, there was considerable variation in the estimated common litter variance across 
different environmental descriptors, ranging from 336 (g/day)2 to 788 (g/day)2. Compared to the 
univariate estimate of 250 ± 60 (g/day)2, the common litter variance was inflated, in particular when 
using the environmental descriptors based on BF and MD. These were also the environmental 
descriptors that did not have significant overall environmental slopes (
1ˆ ). This resulted in some 
environmental variation not being accounted for, and thus was absorbed in the common litter effect 
for these models. The variance in sire intercepts ( 2ˆ
ai ) also appear inflated for these environmental 
descriptors that did not have significant overall environmental slopes.  
The inclusion of CG as a random effect in Model B reduced the common litter variance 
appreciably, except for environmental descriptors based on ADG and PC1. For these descriptors, CG 
was not significant (likelihood ratio test: p = 0.56 for ADG; p = 0.32 for PC1). However, the inclusion 
of CG was warranted when using environmental descriptors based on EADG, TADG, DFI, BF and 
MD (p << 0.01 for these descriptors).   
The decline in common litter variance with the inclusion of CG as a random effect in Model B 
was most prominent for the environmental descriptor based on BF (from 788 ± 69 (g/day)2 in Model 
A to 427 ± 60 (g/day)2 in Model B) and for the environmental descriptor based on MD (from 786 ± 
69 (g/day)2 in Model A to 433 ± 60 (g/day)2 in Model B). The variance of sire intercepts ( 2ˆ
ai ) also 
reduced considerably for these environmental descriptors to align with the estimates using other 
environmental descriptors (from 1073 ± 147 (g/day)2 in Model A to 563 ± 99 (g/day)2 in Model B for 
the BF descriptor, and from 1206 ± 206 (g/day)2 in Model A to 686 ± 144 (g/day)2 in Model B for 
the MD descriptor). These descriptors, with non-significant overall environmental slopes (
1ˆ ), were 
also from the traits that described different environments from growth (r = 0.09 for BF and r = 0.04 
for MD, in Figure 6-1). This suggests that if the trait used to derive an environmental descriptor is 
independent of the trait being modelled (in this case, growth), CG should be included as an additional 
random effect. Otherwise, the litter variance and sire intercept variance will be overestimated.  
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 Since the overall environmental effect was not significant when using environmental 
descriptors based on BF and MD, this fixed effect was removed from the model (Model C, traditional 
model, with random CG, without fixed overall environmental slope). Parameter estimates for this 
model using the environmental descriptors based on BF and MD are presented in Table 6-8. For the 
environmental descriptor based on MD, the removal of the overall environmental slope from the 
model resulted in the covariance between intercept and slope (
abˆ ) not being estimable, and the 
variance of sire intercepts ( 2ˆ
ai ) was inflated and was associated with a higher standard error. 
Therefore, the covariance was fixed to zero with the use of this descriptor. 
 
Table 6-8. Parameter estimates1 ± SE of sire reaction norm models for growth, which included 
a random contemporary group effect but no overall environmental slope (Model C); using 
environmental descriptors based on contemporary group estimates of backfat (BF) and muscle 
depth (MD)  
 
Trait 2ˆ
L  ± SE
 
2ˆ
CG  ± SE 
2ˆ
  ± SE 
2ˆ
ai ± SE abˆ ± SE 
2ˆ
bi ± SE bag
r
,
ˆ ± SE
 
BF 427 ± 60 582 ± 72 2751 ± 68 566 ± 99 55 ± 70 95 ± 82 0.23  ± 0.29 
MD 437 ± 60 578 ± 71 2753 ± 68 550 ± 97 0 3.8 ± 60 - 
1 
2ˆ
L = common litter variance, 
2ˆ
CG  = variance of contemporary group effect, = residual variance, 
2ˆ
ai = variance 
of sire intercepts, 
abˆ = covariance between sire intercept and slope, 
2ˆ
bi = variance of sire slopes, bagr ,ˆ = genetic 
correlation between intercept and slope  
 
 
To interpret the degree of Sire×E, only the most appropriate reaction norm model for the 
environmental descriptor was considered. Model A (traditional model) was the most appropriate 
model to assess Sire×E for the environmental descriptors based on ADG and PC1, Model B 
(traditional model, with random CG) was the best model for environmental descriptors based on 
EADG, TADG and DFI, and Model C (traditional model, with random CG, without fixed overall 
environmental slope) was the best model for environmental descriptors based on BF and MD. The 
parameter estimates of the final models are collated on Table 6-9. 
2ˆ

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Table 6-9. Sire reaction norm parameter estimates1 ± SE of the final models chosen to analyse Sire×E for growth; using environmental 
descriptors based on contemporary group estimates of early growth (EADG), growth during test period (TADG), lifetime growth (ADG), 
daily feed intake (DFI), backfat (BF) and muscle depth (MD)  
 
Trait Model 1ˆ ± SE 
2ˆ
CG  ± SE 2ˆai ± SE abˆ ± SE 
2ˆ
bi ± SE 
2ˆ
p ± SE 
2i
 
2hˆ ± SE
 
2cˆ ± SE
 
EADG B 19.6 ± 1.2  545 ± 90 -27 ± 63 28 ± 88 3465 ± 74 0.8% 0.31 ± 0.05 0.13 ± 0.02 
TADG B 21.0 ± 1.2 168 ± 31 519 ± 84 - 0 ± 0 3450 ± 71 0% 0.30 ± 0.05 0.12 ± 0.02 
ADG A 26.8 ± 0.82 - 420 ± 69 - 0 ± 0 3292 ± 64 0% 0.26 ± 0.04 0.10 ± 0.02 
DFI B 10.9 ± 1.6 - 541 ± 91 -101 ± 66 39 ± 101 3457 ± 74 1.1% 0.31 ± 0.04 0.13 ± 0.02 
BF C - 582 ± 72 563 ± 99 52 ± 70 97 ± 83 3464 ± 76 2.8% 0.33 ± 0.05 0.12 ± 0.02 
MD C - 578 ± 71 550 ± 97 - 3.8 ± 60 3465 ± 74 0.1% 0.32 ± 0.05 0.13 ± 0.02 
PC1 A 16.8 ± 0.56 - 485 ± 76 - 0 ± 0 3385 ± 66 0% 0.29 ± 0.04 0.11 ± 0.02 
1
1ˆ = overall environmental slope, expressed as growth per one SD of the environmental variable, as shown in Table 6-6, 
2ˆ
CG  = variance of contemporary group effect, 
2ˆ
ai = 
variance of sire intercepts, 
abˆ = covariance between sire intercept and slope, 
2ˆ
bi = variance of sire slopes. The following were calulcated for the average environment 
2ˆ
p : 
estimated phenotypic variance, 
2i : proportion of the phenotypic variance attributed to interaction, 
2hˆ : heritability and 2cˆ : proportion of phenotypic variance attributed to 
common litter estimate 
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Estimates of phenotypic variance, heritability and common litter effect were estimated in the average 
environment (x = 0 in the mixed models). The estimated phenotypic variance and associated standard 
error was greatest when using the descriptor based on MD. Although this may have been caused by 
the skewness of the MD CG estimates on the original scale, the estimates presented are from using 
MD CG estimates rescaled to unit variance. Nevertheless, taking into account standard errors, the 
estimated phenotypic variance was not appreciably different across models. 
Across all environmental descriptors, heritability of growth was estimated at between 0.26-
0.33, and common litter effect was estimated at between 0.10-0.13. Phenotypic variance estimates 
were also fairly consistent across all environmental descriptors. The use of the environmental 
descriptor based on ADG produced slightly lower estimates for the variance in sire intercepts, 
phenotypic variance and heritability. Nevertheless, these estimates align with univariate estimates.  
The variance in sire intercepts ( 2ˆ
ai ) were not appreciably difference with choice of 
environmental descriptor, with standard deviations (
aiˆ ) ranging from 20.5 to 23.7 g/day. The 
variability in sire intercepts was marginally lower with the use of the environmental descriptor based 
on ADG.  
There was no significant Sire×E detected, using any of the environmental descriptors across all 
reaction norm models, as assessed by the relatively small variation in sire slope ( 2ˆ
bi ). The standard 
deviation of sire slopes was greatest using an environmental descriptor based on BF (9.8 g/day), 
where 2.8% of the phenotypic variance of growth was attributed to the interaction. Meanwhile, no 
variation in slopes was detected when using the environmental descriptors based on TADG, ADG 
and PC1. The standard errors of the sire slope variances varied. Use of the environmental descriptor 
based on DFI had the highest standard error of 101 (g/day)2, while use of MD had the lowest standard 
error of 60 (g/day)2. Despite the differing levels of uncertainty, the degree of interaction was not 
appreciably different across all environmental descriptors.  
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DISCUSSION  
The objective of this study was to extend the traits used to derive environmental descriptors of the 
growing pig. The contemporary group (CG) estimates of early growth (EADG), average daily gain 
during test (TADG), lifetime average daily gain (ADG), daily feed in take (DFI), backfat (BF) and 
muscle depth (MD) were derived and used as continuous environmental variables to analyse sire 
reaction norm for growth. 
 
Environmental descriptors based on alternative traits  
Overall, the models from which CG estimates were derived provided realistic genetic parameter 
estimates. Taking into account the standard errors, heritability estimates align with estimates 
presented in literature (Hermesch 2008; Miar et al. 2014). Common litter effect variance was lower 
than expected and not included in the models to analyse carcass traits. This is because this current 
study only used data on boars that had records across all traits, and the low average of 1.8 boars/litter 
tested resulted in a lower or negligible common litter effect. Also, the proportion of total variation 
accounted for by the CG effect was greatest for BF and MD. Therefore, the environmental variability 
may have been absorbed by the CG effect, leaving little variation for the common litter effect.  
The Pearson's correlation between CG estimates of ADG and BF was 0.09, slightly lower than 
the ADG and BF environmental descriptors derived by Li and Hermesch (2016) (r = 0.12). The low 
Pearson's correlations between the CG estimates of various traits, in particular between growth and 
carcass traits, suggest that different aspects of the environment are captured by different traits. Also, 
ADG appears to capture similar environments to EADG, TADG and DFI, and ADG alone may be a 
sufficient growth measure to explain variation in the environment.  
There were also very high genetic correlations between ADG and EADG, TADG and DFI. The 
weak genetic correlations between growth traits and carcass traits are comparable to results presented 
by Hermesch (2008), where genetic parameters were estimated for performance, ultrasound and meat 
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quality traits using a subset of the data used in current study. Estimates of genetic correlations 
presented by Hermesch (2008) were 0.35 ± 0.13 between DFI and BF, and 0.02 ± 0.10 between ADG 
and BF, however these were based on carcass traits, not live ultrasound. The heritabilities of the traits 
investigated and estimated genetic correlations between these traits have been reviewed by Clutter 
(2011), who attributes differences due to methods and time of measurement and breeds. Early growth 
is different from test growth, genetically as well as the environments they describe.  
The low estimates of genetic correlations between growth traits and carcass traits suggest they 
are genetically distinct traits. The Pearson's correlations between their CG estimates also suggest 
these traits capture different aspects of the environment. Therefore it was expected that the use of 
environments defined by these different traits would vary in their ability to detect Sire×E.  
The data used for this current study were restricted to pigs that had records on all traits of 
interest, so that an overall environmental descriptor could be derived through principal component 
analysis. However, this overall descriptor placed the largest emphasis on ADG and TADG. Therefore, 
the results of Sire×E analysis using the overall descriptor would reflect the results when the 
environmental descriptor was based on ADG or TADG alone, deeming an overall descriptor 
unwarranted. Alternatively, a different method to capture information from the CG estimates of all 
traits should be explored. This also indicates that the data used to analyse Sire×E for growth of this 
herd can be expanded, to include pigs that do not have records for some traits. The restriction of 
requiring records on all traits of interest was largely determined by DFI records, where only select 
boars were tested for feed efficiency. Use of records from the entire herd would greatly increase the 
data available, and also improve the data structure that is required by reaction norm models.  
 
Reaction norm models using different environmental descriptors  
The most appropriate reaction norm model for the evaluation of Sire×E depended on the 
environmental descriptor used, which was largely influenced by the environmental variability the CG 
effect was able to capture. The most appropriate reaction norm model was also related to how 
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independent the environmental descriptor trait was to the trait being modelled (lifetime growth, in the 
case of this current study). With the exploration of additional traits as environmental descriptors, the 
traditional reaction norm model with a general environmental trend should be fitted. If the trait is 
independent of the trait being modelled, the overall environmental effect is unlikely to be significant, 
and the common litter effect and variance of sire intercepts may be overestimated. Therefore, the non-
significant overall environmental slope term should not be fitted in the model, and a random 
contemporary group term should be added to capture this unaccounted environmental variation.  
After choosing the most appropriate reaction norm model, there was no evidence of Sire×E 
detected for this herd, using the environmental descriptors based on the different traits. However, the 
largest proportion attributed to the interaction term in the average environment was 2.8%, using the 
environmental descriptor based on BF. This aligns with findings from Chapter 5 (Guy et al. 2017a) 
with the use of sire interaction models, where for 2.1% of the phenotypic variability of growth was 
accounted for by the interaction term, using the environmental descriptor based on ADG. While the 
environmental descriptor that is most able to detect interaction appears inconsistent across the 
different approaches to assess Sire×E, it was difficult to adequately assess the degree of interaction. 
This was due to the small degree of interaction, and estimates were fixed to the boundary. More 
appropriate data structure and quantity of data are required to truly assess the impact of using 
environmental descriptors based on alternative traits. 
The second largest proportion attributed to the interaction term in the average environment was 
1.1%, using the environmental descriptor based on DFI.  Records on DFI can provide a measure of 
the challenges in the pig environment, as a reduction in feed intake (anorexia) can be seen during 
challenges periods, in particular during infection challenges (Pastorelli et al. 2012). Feeding level has 
been used to quantify the quality of environment, for the evaluation of sire by environment interaction 
for growth (Hermesch et al. 2006). Hermesch et al. (2015) also highlighted the economic implications 
for differences in DFI environments, where an economic index including ADG, BF and DFI had a 
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range of $17.41/pig. Therefore, this highlights the importance and potential use of feed intake as an 
alternative trait to derive an environmental descriptor.  
The ability to detect Sire×E depends on sires represented in environments that sufficiently 
differ. It would be assumed that an environmental descriptor with larger CV is more suitable as an 
environmental descriptor, so that the environments can be more easily distinguished. Li and 
Hermesch (2013) suggest environments must differ by 60 g/day for an environmental descriptor based 
on ADG, using the multi-trait approach for the detection of significant genotype by environment 
interactions. Since there were some sires that had progeny in environments that differed in only 13.3 
g/day in this current study, the power to detect interaction may have been small. If further restrictions 
were placed so that sires were represented in even more diverse environments, the number of sires 
included in analysis would greatly decrease, but the ability to detect interaction would increase. 
Therefore, for the analysis of Sire×E, this requires a larger number of progeny with performance 
records in a wider range of environments. Further, the range in environments that all the sires are 
represented in should overlap.  
The data used for this study were previously analysed for Sire×E using sire interaction models 
(Guy et al. 2017a). Interaction models categorise the environments by partitioning CG estimates into 
categories, which results in loss of information. The CG estimates were treated as continuous 
variables in this study, and reaction norm models were investigated. A subset of the data analysed by 
Guy et al. (2017a) was used for this current study, and it was expected that the results would be 
comparable. Compared to sire interaction models, sire reaction norm models were more sensitive to 
data structure requirements, and for some models the fitting procedure did not converge and no 
interaction was detected. On the other hand, in all sire interaction models the fitting procedure 
converged, even though some sires were represented in only one categorical environment, and there 
was evidence of Sire×E using the environmental descriptor based on ADG. This highlights that 
reaction norm models require extensive data, and may not be a viable method for evaluation of Sire×E 
in small herds.  
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Future investigations 
The premise behind exploring alternative traits to derive environmental descriptors is the argument 
that the environmental predictor variable (x variable) used to analyse Sire×E is required to be 
independent of the trait that is being analysed (y variable). Therefore, the trait from which CG 
estimates are derived from should be a different trait from the trait being analysed, and alternative 
traits can be argued to be a more objective measure of the environment. This case was also argued by 
Fikse et al. (2003), who state that it is beneficial to use other variables that are not a function of the 
dependent variable. Fikse et al. (2003) assessed herd estimates of various variables for their suitability 
to classify production environments, and analysed genotype by environment interaction for milk 
production. Nine out of the fifteen variables indicated genotype by environment interaction, which 
was quantified by the genetic correlation of between milk production traits in extreme environments. 
Significant interactions were detected when using environmental descriptors based on herd size, peak 
milk yield, and rainfall. This suggests that information on management, production and climate can 
be used to define the environment, and that how the environment is defined can influence ability to 
detect genotype by environment interaction.  
An additional trait that was explored in preliminary analysis was juvenile insulin-like growth 
factor-I (IGF-I). This trait is measured as an early selection criterion for feed efficiency traits (Bunter 
et al. 2005), and may capture another dimension of the environments that growing pigs are exposed 
to. Although investigated in this current study, not all pigs were measured for this trait, and there 
were difficulties with reaction norm analysis due to the data structure, so was not considered further.  
The ranges in CG estimates indicate there was variation in the environment for all traits, and 
presents an opportunity to improve the pigs' housing environment. The monetary value of improving 
an environment can be derived by weighing each environmental descriptor by their respective 
economic values (for example Hermesch et al. (2014)). Providing a dollar value provides a financial 
incentive for environmental improvement.  
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When the environment is quantified through CG estimates, it is assumed that all known and 
unknown environmental challenges are captured in this measure. This measure of the environment 
may reflect managerial processes, feed quality, climatic effects, social interactions and infection 
challenges. While these challenges may not be completely independent from each other, it may be 
possible to further separate these challenges by adjusting for them in the models to estimate the CG 
estimates.  
 
CONCLUSIONS 
Growth traits appear to capture different aspects of the environment compared to carcass traits. The 
ability of the reaction norm model used to assess Sire×E for growth depends on the trait used to derive 
the environmental descriptor. If the trait used to derive an environmental descriptor is independent of 
the trait being modelled, a reaction norm model with an additional contemporary group effect is 
required.  The ability to detect Sire×E was greatest using environments derived by backfat and feed 
intake. However, while there appears to be differences in ability to detect Sire×E, improved data 
structure and quantity is required to better assess these environmental descriptors based on alternative 
traits.  
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The first research theme of this thesis concluded that the growth traits appear to be the most important 
trait to derive contemporary group estimates as environmental descriptors, when evaluating sire by 
environment interaction using sire interaction models. However, when using sire reaction norm 
models, descriptors based on carcass traits appear to be of valuable.  
This section of this thesis presents the second research theme, Quantifying infection challenges 
in the pig environment using routinely collected records. This theme is based on the premise that the 
contemporary group estimates as environmental descriptor is assumed to capture all known and 
unknown environmental challenges that pigs experience. In effect, this also captures infection 
challenges that exist in the environment. However, how are these challenges separated? Thus, the 
third research question: 
 
"Since contemporary group estimates capture all known and unknown challenges experienced, how 
do we refine this measure to include only infection challenges?" 
 
It is postulated that if contemporary group estimates are adjusted for some of the known 
environmental effects, what should remain is a measure of the unknown challenges, which may 
include infection challenges. The contemporary group estimates of lifetime average daily gain and 
backfat are investigated. The main known environmental challenge that this thesis has focused on 
separating out from the other challenges captured in contemporary group estimates is climatic effects.  
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Environmental descriptors based on contemporary group estimates are assumed to capture all known 
and unknown environmental challenges. This published chapter proposes that if some of the known 
challenges are accounted for, what should remain is a finer definition of the unknown or unobservable 
challenges, which may include infection challenges. Therefore, the aim of this publication was to 
partition the climatic effects from the challenges quantified by contemporary group estimates. The 
traits used to derive environmental descriptors based on contemporary group estimates were lifetime 
average daily gain and backfat. These traits were chosen as they are routinely analysed in pig genetic 
evaluation systems, and data on these traits will be readily available across commercial systems. 
Contemporary group estimates were pre-adjusted for climatic effects which had data readily 
available – monthly average minimum and maximum temperatures, and monthly rainfall – which 
were fitted as splines. Sire by environment interaction for growth was evaluated using sire interaction 
models. The traits used to derive contemporary group estimates were average daily gain and backfat. 
This publication concluded that climatic effects, in particular minimum monthly temperatures, 
account for some of the environmental variation captured by contemporary group estimates. The 
ability to detect sire by environment interaction for growth was greatest using the environmental 
descriptor based on contemporary group estimates adjusted for minimum monthly temperatures, and 
based on average daily gain. This measure of the environment may provide a finer definition of the 
unknown challenges captured by contemporary group estimates, which may include infection 
challenges, although this needs to be verified.  
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ABSTRACT 
Environmental descriptors derived from mean performances of contemporary groups (CGs) are 
assumed to capture any known and unknown environmental challenges. The objective of this paper 
was to obtain a finer definition of the unknown challenges, by adjusting CG estimates for the known 
climatic effects of monthly maximum air temperature (MaxT), minimum air temperature (MinT) and 
monthly rainfall (Rain). Since the unknown component could include infection challenges, these 
refined descriptors may help to better model varying responses of sire progeny to environmental 
infection challenges for the definition of disease resilience. Data were recorded from 1999 to 2013 at 
a piggery in south-east Queensland, Australia (n = 31,230). Firstly, CG estimates of average daily 
gain (ADG) and backfat (BF) were adjusted for MaxT, MinT and Rain, which were fitted as splines. 
In the models used to derive CG estimates for ADG, MaxT and MinT were significant variables. The 
models that contained these significant climatic variables had CG estimates with a lower variance 
compared to models without significant climatic variables. Variance component estimates were 
similar across all models, suggesting that these significant climatic variables accounted for some 
known environmental variation captured in CG estimates. No climatic variables were significant in 
the models used to derive the CG estimates for BF. These CG estimates were used to categorise 
environments. There was no observable sire by environment interaction (S×E) for ADG when using 
the environmental descriptors based on CG estimates on BF. For the environmental descriptors based 
on CG estimates of ADG, there was significant S×E only when MinT was included in the model (p 
= 0.01). Therefore, this new definition of the environment, pre-adjusted by MinT, increased the ability 
to detect S×E. While the unknown challenges captured in refined CG estimates need verification for 
infection challenges, this may provide a practical approach for the genetic improvement of disease 
resilience.   
Keywords: environmental descriptor, health, genotype by environment interaction, disease 
resilience, splines 
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INTRODUCTION 
Genotype by environment interactions (G×E) occur when genotypes differ in their response to 
variation in the environment. A resilient genotype is defined as one that responds appropriately across 
varying environments so that performance is maintained. In this paper, we refer to the ability to 
maintain productivity and health in response to the specific environmental stressor of infection 
challenge as disease resilience. When using farm records to genetically evaluate and breed for the 
most disease-resilient livestock, descriptors of both the environmental and infection challenges are 
required (Guy et al. 2012). 
When the environment is complex or no specific measures are available, the mean performance 
of a contemporary group (CG), adjusted for systematic and genetic effects, can be used to quantify 
the environment. Animals within a CG are assumed to be under the same managerial and 
environmental conditions. Therefore, CG estimates are assumed to capture all known and unknown 
or unobservable aspects of the environment (Streit et al. 2013). This suggests that environmental 
descriptors based on CG estimates quantify not only abiotic environmental stressors, but also any 
possible infection challenges. Providing that challenges captured by CG estimates can be 
disentangled, CG estimates have the potential to be used in the genetic evaluation of disease 
resilience.   
The approach of regressing traits of interest on an environmental descriptor based on CG 
estimates has been applied in livestock breeding (e.g. Kolmodin et al. (2002) in dairy). However, 
there are limited studies that have used CG estimates to quantify the pig environment. The CG 
estimates of pig reproductive performance have been used to model reproductive traits and diseases 
affecting these traits (Knap & Su 2008; Lewis et al. 2009; Herrero-Medrano et al. 2015). Growth rate 
of the pig has been modelled using CG estimates of lifetime average daily gain (ADG) and backfat 
(BF) (Guy et al. 2015; Li & Hermesch 2015, 2016). The low correlation between the environmental 
descriptors based on these two performance traits suggests that different aspects of the environment 
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are captured by these two traits. Therefore, they can be used simultaneously to characterise pig 
environments.  
The objective of this study was to obtain a finer definition of the unknown challenges captured 
by environmental descriptors based on CG estimates of ADG and BF. The CG estimates from both 
traits will be used as environmental descriptors, individually and simultaneously, to characterise 
environments for the analysis of sire by environment interaction (Sire×E) for growth. It was 
hypothesised that CG estimates can be adjusted for additional known environmental factors, in 
particular the climatic effects of temperature and rainfall, to reduce the variance of CG estimates. If 
a decline in variation is observed, this would suggest that climatic effects could account for some of 
the known environmental challenges captured by CG estimates. What remains in these estimates may 
be a more precise definition of the unknown challenges, which may include environmental infection 
challenges. This new definition of the environment makes use of routinely collected data, and may 
help to better model varying response of sire progeny to environmental infection challenges for the 
definition of disease resilience.  
 
METHODS AND MATERIALS 
Data  
Data were recorded from 1994 to 2014 in a herd of Large White pigs at the University of Queensland 
Gatton piggery in south east Queensland, Australia. The full pedigree recorded over these years 
contained 41,734 pigs from 18 generations, with 599 sires and 2,534 dams.  
To ensure appropriate data structure for analysis, the following stringent restrictions were 
placed on the data used for analyses. Only performance records from 1999 to 2013 were used for a 
consistent number of recordings each year. Body weight at test, age at test, ADG and BF were 
restricted to within four standard deviations of the original mean. Pigs from litters with numbers born 
alive of less than five or greater than seventeen, and also pigs from sows whose parities were greater 
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than ten were removed. Large CGs were required for accurate estimates and for good sire 
representation across CGs, but this needed to be balanced with sufficient data for analysis. Therefore 
CGs were defined by month and year of birth, and CGs with less than 50 members were removed 
from analyses.  
Monthly averages of the daily maximum (MaxT) and minimum (MinT) air temperatures, and 
monthly rainfall (Rain) records were obtained from the Australian Government Bureau of 
Meteorology website (www.bom.gov.au). Pig sheds were not climate-controlled, and so these 
measures obtained were assumed to reflect conditions inside the sheds. Note that monthly records of 
humidity were not easily extracted from the website and so Rain was used as a measure to reflect this 
variable. These records were from the University of Queensland Gatton weather station (station 
number 40082), approximately two km away from the piggery. Performance records with missing 
climatic information were omitted. 
After editing, there were 31,230 pigs with performance and climatic data, representing 462 
sires. Performance records were taken at an average age of 127.9 ± 5.1 days (mean ± SD) and an 
average body weight at test date of 90.9 ± 9.9 kg. There were 15,513 entire male and 15,717 female 
pigs. The 167 CGs had an average size of 187 pigs, with a minimum size of 56 and maximum size of 
489. There were on average 18 sires per CG, with a minimum of four progeny per sire in each CG. 
 
Statistical analysis 
The analysis was conducted in a three-step process: firstly, CG estimates for the production traits of 
ADG and BF were derived to quantify environments, and adjustments for three different climatic 
variables were explored. In the second step, these CG estimates were used as environmental 
descriptors and partitioned into quartiles to characterise four discrete environments. The CG estimates 
for ADG and BF were also combined to characterise environments using information from both traits. 
In the third step of analysis, these environmental categories were used to analyse sire by environment 
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interaction (Sire×E) for ADG. Only G×E analysis of ADG is reported in this paper as no G×E was 
found for BF supporting the results of Li and Hermesch (2016). 
 
Step 1- Contemporary group estimates of average daily gain and backfat  
In the first step of analysis, CG estimates of ADG and BF were derived using the following models: 
Model 1A:  yijkl = + Sexj (+ Weighti) + Animali + CGk + Litterl + eijkl 
Model 1B:  yijkl = + Sexj (+ Weighti) + MaxTi + s(MaxTi) + Animali + CGk + Litterl 
+ eijkl 
Model 1C:  yijkl = + Sexj (+ Weighti) + 1MinTi + s(MinTi) + Animali + CGk + Litterl 
+ eijkl 
Model 1D: yijkl = + Sexj (+ Weighti) + 1Raini + s(Raini) + Animali + CGk + Litterl + 
eijkl 
where yijkl is an observation for ADG or BF for the ith animal from the kth CG, and lth Litter; is the 
overall mean. The linear covariate of body weight at test date (Weighti) was fitted for BF only, where 
 is the regression coefficient for Weight. All models contained the fixed effect of jth Sex (2 levels), 
and the random effects of Animal as the additive genetic effect, birth-month-year CG, Litter as the 
common litter environment, and eijkl as residual effect for each observation. The CG effect was 
included as a random effect because of the potential bias from non-random allocation of sires in 
environments. Nevertheless, estimates when CG was fitted as a random effect were highly correlated 
with estimates when CG was fitted as a fixed effect (r > 0.94). 
The base model (Model 1A) did not contain any climatic information. Subsequent models 
contained the climatic variables of MaxT (Model 1B), MinT (Model 1C) and Rain (Model 1D). The 
climatic variables were included as fixed effects, fitted as a linear covariate, where  is the regression 
coefficient associated with the climatic variable from the oth month-year fitted for that model. 
Climatic variables were also fitted as a cubic smoothing spline, denoted as s(), as a random effect to 
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account for the choice of knots affecting estimates (Verbyla et al. 1999; Meyer 2005). Combinations 
with more than one climatic variable were tested but results did not differ appreciably from models 
with only one climatic variable, and so the extra complexity was unwarranted (results not shown). It 
should also be noted that alternative models including other production variables fitted as fixed 
effects, such as sow parity and numbers born alive of the birth litter, were explored. Although these 
birth litter variables were significant, CG estimates from the models with additional effects were 
highly correlated (r > 0.98). Therefore, the simplest and most parsimonious base model was used. 
Since pigs in this study experienced varying climatic conditions over a period of approximately 
four months (i.e. up to the age at which the data were recorded), the time period from which climatic 
data were taken from needed to be determined. To decide from which month climatic measurements 
should be taken from, climatic data from the month of birth, month of weaning, and month of test 
were each fitted individually as cubic splines to model ADG. Climatic measurements taken at month 
of test resulted in the largest coefficient of determination, and so climatic data from test month were 
used for further analyses.  
Genetic parameters were estimated to examine the models from which CG estimates were 
extracted from. Estimates of phenotypic variances (
2ˆ
P ) were calculated as the sum of the variance 
component estimates of the random effects. That is, 
2ˆ
P  = 
2ˆ
CG  + 
2ˆ
L  + 
2ˆ
A  + 
2ˆ
e , where 
2ˆ
CG  is the 
variance component estimate for CG, 
2ˆ
L  is the variance component estimate for Litter, 
2ˆ
A  is the 
additive genetic variance estimate, and 2ˆe  is the residual variance estimate. Estimates of phenotypic 
variances presented in this paper include the CG variance component since it was fitted as a random 
effect. Heritability was calculated as the ratio of additive variance to the total phenotypic variance (
2hˆ = 
2ˆ
A /
2ˆ
P ) and the common litter effect as the ratio of litter effect to total phenotypic variance (
2cˆ
= 
2ˆ
L /
2ˆ
P ).  
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The CG estimates were extracted from each of the models and used as environmental 
descriptors. Therefore, after the first step of analysis, there were four environmental descriptors based 
on CG estimates of ADG and four environmental descriptors based on CG estimates of BF. Pigs with 
higher ADG CG estimates were assumed to be in better environments than pigs with lower ADG CG 
estimates. Since pigs are expected to have lower BF in optimal conditions, pigs with lower BF CG 
estimates were assumed to be in better environments. 
 
Step 2- Categorisation of environments based on growth rate and backfat 
The environmental descriptors based on the CG estimates of ADG and the CG estimates of BF were 
partitioned into quartiles to produce four environments. Note that from here on, this paper refers to 
the continuous variable that quantifies the pig environment through CG estimates as an environmental 
descriptor, while the term ‘environment’ is the qualitative term derived through the categorisation of 
the environmental descriptor. Quartiles were chosen to allow for approximately equal numbers of 
pigs within each environment. Each animal was allocated an environment depending on their CG.  
To use information captured by both traits simultaneously, the environmental descriptors based 
on CG estimates of ADG and environmental descriptors based on CG estimates of BF were combined. 
Each of the four models used to obtain CG estimates of ADG had a corresponding model used to 
obtain CG estimates of BF that contained the same climatic variable. To combine them, the CG 
estimates of ADG and the CG estimates of BF from each model were partitioned by the median, 
chosen to allow for approximately equal numbers in each environment. Four environments were then 
categorised for each corresponding model through combinations of high and low ADG CG estimates, 
and low and high BF CG estimates. Each CG was allocated an environment depending on the 
quadrant their ADG and BF CG estimates were in, and then each animal was allocated an environment 
depending on their CG.  
After step 2 of analysis, animals were allocated to environments characterised using three 
environmental descriptors: environmental descriptor based on CG estimates of ADG, environmental 
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descriptor based on CG estimates of BF, and environmental descriptors based on CG estimates of 
ADG and BF combined.  
Step 3- Sire by environment interaction for growth rate 
Using the environments from the three environmental descriptors derived in Step 2 of analysis, Sire×E 
for ADG was evaluated. The following models were used: 
Model 2A: yijklmn = + Sexj+ Siren + (Sire×E)nm + CGk + Litterl + eijklmn 
Model 2B:  yijklmn = + Sexj + MaxTi + s(MaxTi) + Siren + (Sire×E)nm + CGk + Litterl + 
eijklmn 
Model 2C:  yijklmn = + Sexj + MinTi + s(MinTi) + Siren + (Sire×E)nm + CGk + Litterl + eijklmn 
Model 2D:  yijklmn = + Sexj + Raini + s(Raini) + Siren + (Sire×E) nm + CGk + Litterl + eijklmn  
where yijklmn is the ADG of the ith progeny of sire n in the mth environment, Sire×E is the random 
effect of sire by environment (E) interaction where the environments are those characterised in Step 
2 of analysis. The environments used in the Step 3 models were only from those Step 2 models which 
contained the same climatic variable (denoted by the letters A for base model, B with the inclusion 
of MaxT, C with the inclusion of MinT, D with the inclusion of Rain). Other effects were as described 
above. Sire models, as opposed to animal models, were used to evaluate G×E because only single 
measures of weight were available, and so the sires were represented in different environments 
through their progeny.  
Estimates of phenotypic variances (
2ˆ
P ) were calculated as the sum of the variance component 
estimates of the random effects. That is, 
2ˆ
P  = 
2ˆ
CG  + 
2ˆ
L  + 
2ˆ
S  + 
2ˆ S E  + 
2ˆ
e , where 
2ˆ
S  is the variance 
component estimate of Sire and 
2ˆ S E  is the interaction variance component estimate for the Sire×E. 
Additive genetic variance was estimated as four times the sire variance (
2ˆ
A  = 4 × 
2ˆ
S ). Differences 
in sires’ responses, represented by their progeny in the different environments, i.e. Sire×E, was 
quantified by 
2ˆ S E . Significance of this term was tested using the likelihood ratio test.  
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All analyses were conducted using R (R Core Team 2016) and ASReml 3.0 (Gilmour et al. 
2009). 
RESULTS 
Pigs had a mean ADG of 710.6 ± 74.7 g/day (± SD) and a mean BF of 10.5 ± 1.8 mm. Month of test 
was the month of production whose climatic data explained the most variation in ADG. The month 
of test was the month of production whose climatic data explained the most variation in ADG. 
Therefore, the absolute correlation between CG estimates and climatic data from test month was 
highest, as expected (shown for CG estimates of ADG from Model 1A in Table 7-1). This was 
observed in particular for MinT of month of test. For months of test, the average MaxT was 27.4 ± 
3.9 °C, average MinT was 12.9 ± 4.9 °C, and average Rain was 51.9 ± 44.2 mm.  
 
Table 7-1. Pearson’s correlations between average daily gain contemporary group estimates 
and monthly average of maximum air temperature (MaxT), monthly average of minimum air 
temperature (MinT) and monthly rainfall (Rain), taken at month of birth, month of weaning 
and month of test 
 Month of birth Month of weaning Month of test 
MaxT -0.13 -0.39 - 0.53 
MinT   0.08 -0.23 - 0.65 
Rain -0.10 -0.21 - 0.33 
 
Step 1- Contemporary group estimates of average daily gain and backfat  
The CG estimates across all models ranged from -67.0 g/day to 55.5 g/day for the environmental 
descriptor based on ADG, and from -0.94 mm to 0.91 mm for the environmental descriptor based on 
BF (see Table 7-2).  
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Table 7-2. Summary statistics of contemporary group estimates of average daily gain (ADG) 
and backfat (BF) used as environmental descriptors (EDs), unadjusted for climatic effects 
(Model 1A), adjusted for monthly maximum temperature (Model 1B), adjusted for monthly 
minimum temperatures (Model 1C), and adjusted for average monthly rainfall (Model 1D) (n 
= 31,230) 
 
Model Median Standard deviation Min Max 
ED based on ADG (g/day) 
1A 1.12 21.6 -67.0 55.1 
1B 0.71 17.6 -63.3 43.9 
1C 0.50 14.5 -52.0 37.9 
1D 0.92 20.9 -65.0 55.5 
ED based on BF (mm) 
1A -0.03 0.34 -0.94 0.91 
1B -0.04 0.34 -0.90 0.88 
1C -0.04 0.34 -0.93 0.88 
1D -0.03 0.34 -0.92 0.88 
 
For the models used to derive CG estimates of ADG, the fixed effect of Rain was not significant in 
Model 1D (p = 0.226). The climatic variable of MaxT was significant in Model 1B (p < 0.001) and 
MinT was also significant in Model 1C (p < 0.001). None of the climatic variables were significant 
as covariates in any of the models of used to derive CG estimates of BF. The predicted effects of 
increasing MaxT and increasing MinT on ADG and BF using Models 1B and 1C are shown in Figure 
7-1. With increasing MaxT, there was a threshold temperature of 25.3 °C from which ADG declined. 
Meanwhile, ADG was predicted to increase until a MinT of 6.3 °C, from which it then declined. The 
non-significant effect of the climatic variables on BF is reflected in the predicted response of BF 
being unaffected by MaxT and MinT.  
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Figure 7-1. Predicted effect of increasing monthly minimum temperatures (MinT) and monthly 
maximum temperatures (MaxT), fitted as splines (± standard error in red), on average daily 
gain (ADG) and backfat (BF). 
 
 
The range of CG estimates that were adjusted for climatic effects reflected significance of the climatic 
variable in the model. The standard deviation of CG estimates of ADG was 21.6 g/day in Model 1A, 
and was lower in Model 1B at 17.6 g/day, and in Model 1C at 14.5 g/day. The standard deviation of 
CG estimates from Model 1D was 20.1 g/day, which was similar to Model 1A and reflects the fact 
that Rain was not significant in the model. The standard deviations of CG estimates of BF remained 
stable at 0.34 mm across all models because climatic variables were not significant.  
The CG estimates of ADG and BF adjusted for climatic effects were highly correlated with the 
CG estimates in the base model. For the CG estimates of ADG, Pearson's correlation between CG 
estimates from the Model 1A and CG estimates from Model 1D was 0.995, 0.93 for Model 1B, and 
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0.84 for Model 1C. The CG estimates for BF were perfectly correlated across all models, which was 
as expected since no climatic variables were significant.   
The CG estimates of ADG was weakly correlated with the respective model used to derive CG 
estimates of BF (Pearson correlation ranging from -0.08 to -0.14). The distributions of the CG 
estimates of ADG or BF are shown through histograms in Figure 7-2. The relationships between the 
CG estimates based on the two different traits are shown within the plot of Figure 7-2. There appears 
to be no apparent linear or non-linear relationship due to the unsystematic scattering between the CG 
estimates of ADG and CG estimates of BF.  
 
Figure 7-2. Birth-month-year contemporary group (CG) estimates using an environmental 
descriptor (ED) based on average daily gain (ADG) and corresponding ED based on backfat 
(BF) containing the same climatic effects: Model 1A – no climatic information, Model 1B – 
inclusion of monthly average maximum temperature (MaxT), Model 1C – inclusion of monthly 
average minimum temperature (MinT) and Model 1D – inclusion of monthly rainfall (Rain). 
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Estimates of genetic parameters for the models used to derive CG estimates of ADG and BF are 
presented in Table 7-3. The estimates were identical across all models used to derive CG estimates 
of BF. For the models used to derive CG estimates of ADG, estimates of additive genetic variance 
and litter effect remained stable across models, and estimated phenotypic variance decreased only 
with the addition of a significant climatic variable as a fixed effect. The estimated CG variance 
component significantly decreased from 535.9 ± 64.3 to 375.2 ± 47.5 with the inclusion of MaxT, 
and decreased to 268.5 ± 35.6 with the inclusion of MinT, which reflects the change in the standard 
deviation of CG estimates from these models.  
 
Table 7-3. Genetic parameter estimates ± standard errors (SE) for the models describing 
average daily gain (ADG) and backfat (BF); Estimates of contemporary group (CG) effects 
used as environmental descriptors (EDs), unadjusted for climatic effects (model 1A), adjusted 
for monthly maximum temperature (Model 1B), adjusted for monthly minimum temperatures 
(Model 1C), and adjusted for average monthly rainfall (Model 1D) 
 
Step 1 ED 
Model 
2ˆ
A ± SE
2ˆ
CG ± SE 
2ˆ
P
± SE 2ˆE ± SE 
2hˆ ± SE 
2cˆ ± SE  
Based on ADG 
1A 988.4 ± 81.4 535.9 ± 64.3 5575.8 ± 82.9 3518.7 ± 53.3 0.18 ± 0.01 0.10 ± 0.005  
1B 981.9 ± 80.9 375.2 ± 47.5 5411.1 ± 70.4 3521.8 ± 53.1 0.18 ± 0.01 0.10 ± 0.005  
1C 983.2 ± 80.7 268.5 ± 35.6 5304.8 ± 62.8 3519.1 ± 53.1 0.19 ± 0.01 0.10 ± 0.006  
1D 995.2 ± 81.6 513.8 ± 62.5 5554.8 ± 81.4 3516.0 ± 53.4 0.18 ± 0.01 0.10 ± 0.005  
Based on BF 
1A, 1B,  
1C, 1D 
0.74 ± 0.05 0.14 ± 0.02 2.78 ± 0.03 1.78 ± 0.03 0.26 ± 0.02 0.05 ± 0.005  
Abbreviations: 
2ˆ
A = additive genetic variance,
2ˆ
CG = variance component of contemporary group, 
2ˆ
P = phenotypic variance, 
2ˆ
E = residual variance, 
2hˆ = heritability estimate, 2cˆ = proportion of 
phenotypic variance attributed to litter effect 
* 2ˆ
P  = 
2ˆ
A 
2ˆ
CG 
2ˆ
L 
2ˆ
E  
 
Step 2- Categorisation of environments based on growth rate and backfat 
Partitioning the CG estimates of ADG and CG estimates of BF into quartiles allowed for an average 
of 7,807 pigs within each environment. Sires were well represented by their progeny in the 
environments across different models, with 34% to 39% of sires having progeny in all four 
environments.  
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For the environmental descriptor based on CG estimates of BF, the majority of animals were 
classified in the same environments as Model 1A: 98% for Model 1B, 95% for Model 1C and 96% 
for Model 1D.  For the environmental descriptor based on CG estimates of ADG, the level of 
agreement with Model 1A on environmental classification was 96% for Model 1D, 63% for Model 
1B and 53% for Model 1C.  
For the environmental descriptor based on CG estimates of ADG and BF combined, 
environments were categorised through combinations of estimates below or above the median for 
both descriptors. The level of agreement to environments allocated through CG estimates from Model 
1A was 95% using Models 1D, 84% using Models 1B and 75% using Models 1C.  
 
Step 3- Sire by environment interaction for growth rate 
Using the three environmental descriptors (based on CG estimates of ADG, CG estimates of BF, and 
CG estimates of ADG and BF combined), the estimated phenotypic variance for ADG decreased only 
with the addition of MaxT or MinT (see Table 7-4). The estimated variance component for the random 
CG effect decreased significantly with the inclusion of MaxT in Model 2B across all environmental 
descriptors, and even more with the inclusion of MinT in Models 2C, just as in Step 1 of analysis. 
Estimates of residual variances across all models for all environmental descriptors were stable. Litter 
effect estimates were also stable across all models for all environmental descriptors, with estimates 
of ~0.13.  
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Table 7-4. Genetic parameter estimates ± standard errors (SE) for growth rate in the analysis of sire by environment interaction (S×E), 
using environmental descriptors (EDs) based on average daily gain (ADG), ED based on backfat (BF), and the combined ED based on both 
ADG and BF partitioned by the median; using contemporary group estimates as ED derived from Step 1 models without climatic 
information (Model 1A), adjusted for monthly maximum temperature (Model 1B), adjusted for monthly minimum temperatures (Model 
1C), and adjusted for average monthly rainfall (Model 1D) 
 
Step 1 
ED 
Step 2 
S×E Model 
2ˆ
S ± SE 
2ˆ
CG ± SE 
2
E×Sˆ ± SE
2ˆ
P
± SE 
2hˆ ± SE i2 
Based on ADG 
1A 2A 229.5 ± 31.0 524.5 ± 65.6 16.7 ± 13.3 5492.8 ± 80.5 0.17 ± 0.02 0.3% 
1B 2B 228.7 ± 31.2 342.6 ± 46.7 24.8 ± 14.8 5313.8 ± 66.0 0.17 ± 0.02 0.5% 
1C 2C 237.4 ± 32.7 209.8 ± 32.7 38.3 ± 16.4* 5197.9 ± 57.4 0.18 ± 0.02 0.7% 
1D 2D 232.3 ± 31.3 508.9 ± 64.5 17.0 ± 13.8 5478.4 ± 79.5 0.17 ± 0.02 0.3% 
Based on BF 
1A 2A 233.9 ± 30.5 556.8 ± 67.4 0.30 ± 0.003# 5520.7 ± 82.3 0.17 ± 0.02 0.0% 
1B 2B 235.7 ± 30.6 384.4 ± 49.2 0.13 ± 0.001# 5348.7 ± 68.3 0.18 ± 0.02 0.0% 
1C 2C 246.3 ± 31.6 273.5 ± 36.9 0.22 ± 0.002# 5246.5 ± 60.4 0.19 ± 0.02 0.0% 
1D 2D 237.2 ± 30.8 540.7 ± 66.2 0.23 ± 0.002# 5505.8 ± 81.3 0.17 ± 0.02 0.0% 
Based on both ADG and BF 
1A 2A 229.7 ± 31.3 548.9 ± 67.2 6.3 ± 13.2 5512.5 ± 82.1 0.17 ± 0.02 0.1% 
1B 2B 224.8. ± 31.3 361.9 ± 47.9 19.7 ± 14.8 5327.5 ± 67.0 0.17 ± 0.02 0.4% 
1C 2C 225.8 ± 32.3 222.2 ± 33.0 41.0 ± 16.6* 5201.9 ± 57.6 0.17 ± 0.02 0.8% 
1D 2D 232.4 ± 31.4 529.9 ± 65.8 7.8 ± 12.8 5495.0 ± 80.9 0.17 ± 0.02 0.1% 
 
Abbreviations: 2ˆ
CG = variance component of contemporary group, 
2ˆ
S  sire variance component, 
2
E×Sˆ = variance component of sire by environment interaction term, 
2ˆ
E
= residual variance,
2ˆ
P = phenotypic variance, 
2hˆ = heritability estimate, i2 = percentage of phenotypic variation explained by the sire by environment interaction term 
* 2ˆ
P  = 
2ˆ
S 
2
E×Sˆ 
2ˆ
CG 
2ˆ
L 
2ˆ
E  
# estimates and SE ×104 
* Significant term  
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There was no appreciable Sire×E for growth rate using environmental descriptors based on CG 
estimates of BF (Table 7-4). Using environmental descriptors based on CG estimates of ADG, there 
was also minimal Sire×E. However, the estimated Sire×E variance increased from 16.7 ± 13.3 in 
Model 2A, to 24.8 ± 14.8 in Model 2B and 38.3 ± 16.4 in Model 2C. The proportion of phenotypic 
variation accounted for by the estimated Sire×E variance increased when using the environmental 
descriptor based on CG estimates of ADG adjusted for MinT (Model 1C), from 0.3% in the Model 
1A to 0.7%. Furthermore, these CG estimates of ADG adjusted for MinT was the only environmental 
descriptor that detected significant Sire×E (p = 0.01).  
The phenotypic variation explained by the estimated Sire×E variance using the environmental 
descriptor based on CG estimates of ADG and BF combined increased from 0.1% in Model 2A to 
0.4% in Model 2B, and 0.8% in Model 2C, but remained stable in Model 2D. Overall, Model 2C of 
the combined environmental descriptor was the model that detected the largest and most significant 
Sire×E (p = 0.0028). However, with the exception of Model 2C of the combined environmental 
descriptor model, the environmental descriptor based on CG estimates of ADG alone had the greatest 
ability to detect Sire×E overall. 
 
DISCUSSION 
The objective of this study was to refine CG estimates of ADG and BF, to obtain a more accurate 
definition of the unknown challenges captured by CG estimates. These CG estimates of ADG and BF 
were used individually, and simultaneously, to characterise environments for the analysis of S×E of 
growth. It was hypothesised that CG estimates can be adjusted for the known environmental climatic 
effects, to reduce the variation the estimates. The standard deviation of CG estimates of ADG declined 
when significant temperature covariates, especially MinT, were included in the model. Since other 
variance components remained stable, this suggests that the temperature covariates absorbed a 
component of the environmental variation previously captured in the CG effects. Although resulting 
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CG estimates may capture other environmental effects, the approach taken here has accounted for 
some known or definable environmental variation, and what remains is a "finer" definition of the 
unknown environmental challenges. Infection challenges could potentially be included in this 
"remainder" measure of unknown environmental challenges, and so this approach may provide a way 
to model disease resilience using routinely collected data.  
The low Pearson’s correlations between corresponding models of the CG estimates of ADG 
and BF suggest that these production traits capture or reflect different aspects of the environment, 
and this may warrant use of them simultaneously to quantify the environment. The largest amount of 
phenotypic variation that could be explained by the Sire×E term was with Model 2C of the combined 
environmental descriptor. However, this was only 0.1% more of the phenotypic variation than using 
Model 2C CG estimates of ADG. Since all other models using an environmental descriptor based on 
CG estimates of ADG were able to account for more phenotypic variation than corresponding models 
from the combined environmental descriptor, there is no clear advantage using the CG estimates of 
the two traits simultaneously. Therefore, the environmental descriptor based on CG estimates of ADG 
alone was sufficient for the analysis of G×E for ADG in this study, especially when adjusted for 
MinT.  
Estimates of CG effects were based on the production traits of ADG and BF. Use of the CG 
estimates of  BF did not result in a significant G×E for ADG, contradicting the results by Li and 
Hermesch (2016). This may be because the ability to detect G×E generally increases when there is 
more variation in the environment. While Li and Hermesch (2016) found a five-mm range in their 
environmental descriptor based on BF, the two-mm range presented in this study may not be wide 
enough to detect G×E for growth rate. On the other hand, the CG estimates of ADG adjusted for 
MinT (Model 1C) had a reduced environment variation yet had the greatest ability to detect G×E. 
This indicates that although variation in the environment is generally needed to detect G×E, it is not 
the variance in the environment per say that leads to the G×E. It is the response itself, and how precise 
the specific environmental conditions are quantified.  
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While climatic variables were included in models to remove known environmental variation 
due to these effects, it may be possible that some disease aspects may have also been removed. This 
is because disease could be dependent on climate, which is evident in the seasonality of pathogen 
loads and disease occurrences in pigs (Sanchez-Vazquez et al. 2012). However, McCormick et al. 
(2013) argue that there are complex interdependencies between the environmental drivers of disease, 
and disease occurrences are functions of individual farm locations and circumstances. Additive 
Bayesian network analyses were used by McCormick et al. (2013) to examine the relationship 
between various weather variables and the occurrence of ten pathologies observed in pigs from 875 
herds in the United Kingdom. All pathologies were associated with at least two other pathologies, but 
only three were directly associated with the climatic variables of temperature — enzootic pneumonia 
and milk spots with average maximum temperature, and papular dermatitis with average minimum 
temperature. Therefore, not all diseases have direct links to climate, and the CG estimates adjusted 
for climatic effects presented in this paper are expected to still include a descriptor of infection 
challenges.   
The focus of this paper was not to examine the climatic effect on ADG, but to simply account 
for these effects by pre-adjusting CG estimates. The climatic data that were used in this study were 
easily extracted from the Australian Government Bureau of Meteorology website. Although the 
impact of temperature is dependent of humidity, data on this were not readily available and so rainfall 
was included to reflect this variable. Compared to the use of ‘season’, which usually combines 
multiple months, use of monthly climatic data are more precise not only in time, but also in space as 
it also depends on the location of the farm. While no specific measures taken inside the sheds were 
available, climatic data taken from the nearest weather station is still likely reflective of the variation 
in micro-climate within sheds, especially since sheds were not climate-controlled. Temperatures 
recorded at weather stations 30 km away from a piggery explained just as much variability of daily 
feed intake of sows as temperatures measured on-farm within and also outside sheds  (Bergsma & 
Hermesch 2012), and even 300 km away for genetic evaluation for heat stress  (Freitas et al. 2006). 
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Further, weather station recordings may be more accurate as equipment may better calibrated and 
maintained compared to equipment used on-farm (Bergsma & Hermesch 2012). This suggests that 
climatic data from a national weather agency are sufficient to capture the climate experienced by 
these pigs within sheds.  
Monthly averages, as opposed to daily measures, were used to take into account the cumulative 
effects of climate. This may also account for a possible delay of an animal’s thermoregulatory 
response to thermal challenge. If daily measures were employed, an approach such as cumulative 
temperature load could be used. For example, Lewis and Bunter (2011) used the number of days 
above 22 oC sows experience in the 63 days before measurement of production traits. While Lewis 
and Bunter (2011) found no associations between cumulative total load and production traits, these 
traits were associated with maximum daily temperature on day of test. With daily measures, 
photoperiod can also be taken into account using a cosine function for example (examining of 
farrowing rates in pigs in response to photoperiod by Sevillano et al. (2016). Whether daily or 
monthly measures are used, the climatic effects that pigs experience should be assessed on a longer-
term basis to account for cumulative effects. Therefore, use of monthly climatic measures, fitted as 
splines, is a simple, practical and flexible approach to account for the cumulative effects of climate. 
Spline functions partition the data into segments, and polynomial functions are fitted within 
these segments, connected continuously at ‘knots’. This semi-parametric approach allows flexibility 
when linear relationships between variables cannot be assumed. The increased flexibility with the use 
of splines have been demonstrated when fitting time as a predictor variable (e.g. age or days) in 
modelling of the dairy lactation curve (White et al. 1999), beef cattle growth (Meyer 2005), and also 
pig growth (Huisman et al. 2002). The maximum temperature threshold of 25.3 °C found in this study 
reflects the results of Lewis and Bunter (2011)’s “plateau-linear” response at 25.5 °C for ADG in one 
maternal line. This threshold also reflects guidelines provided by the Australian pork industry, where 
the recommended maximum temperature for grower pigs of 50-120 kg live weight is 25 °C 
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(Australian Pork Limited 2016). This means that the features of the spline models presented in this 
study provided plausible biological information on the threshold of effects of climate on growth rate. 
This study did not detect any significant climatic effects on BF. While the predicted BF in 
Figure 7-1 appears to decline until a MaxT of 26.3 °C, above which it increases, no climatic effects 
were significant across all models describing BF. Seasonal variation in BF has been found, where 
higher temperatures resulted in lower BF (Trezona et al. 2004). However, high temperatures have 
also been found to increase BF (Vajrabukka et al. 1981). This may be dependent on genotype, as 
demonstrated by Lewis and Bunter (2011), who found polarising effects of temperature on BF for 
two sow lines exposed to temperatures greater than a maximum temperature threshold. Therefore, a 
consensus on the effect of climate on BF is not apparent.  
The objective of this study was to partition the climatic effect response from other challenges 
captured by CG estimates, with the aim of characterising more precisely the non-specific, unseen 
environmental challenges in the environment, which may include infection challenges. If the 
approach of pre-adjusting of CG estimates for these effects presented in this paper is successfully 
cross-validated for infection challenges, it may aid investigations into selection for improved response 
to infection challenges on a group level i.e. disease resilience. Quantifying animal response without 
knowing specific pathogen burden of individuals has been investigated for reproductive traits. For 
example, Lewis et al. (2009) developed a proxy using number of mummified piglets to identify 
infection challenge of Porcine Reproductive and Respiratory Syndrome (PRRS). This proxy is a fairly 
robust measure since PRSS has a marked effect on reproductive traits. It has been used to as a practical 
way to describe disease tolerance (Rashidi et al. 2014), and also to retrospectively identify PRSS 
outbreaks (Mathur et al. 2014). While this proxy is for a specific pathogenic challenge with clearly 
evident consequences to production, pigs can also be faced with endemic infection challenges where 
the effects on productivity are not immediately apparent. In an extensive review of the resilience in 
farm animals, a “resilience syndrome” has been proposed by Colditz and Hine (2016), whereby the 
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response exhibited by one challenge is likely to be correlated with the response to an alternative 
challenge. Therefore, our approach may be used for more generalised challenges to non-specific, 
endemic pathogens that cause subclinical diseases occurring without the knowledge of the farmer. 
The environmental descriptors derived in this study were based on CG estimates of the 
production traits of ADG and BF. While ADG is a sensitive indicator for challenges that pigs 
experience, it could also be limited in its ability to describe infection challenge. Since this trait can 
be influenced by a large range of factors that are not infectious challenges, fluctuations in ADG cannot 
be attributed to just one type of perturbation. Meanwhile, changes in BF appear slow, and so this trait 
may reflect the longer term, sustained challenges. While there are limited studies that have used CG 
estimates to quantify the pig environment, the production trait of feed intake has been used to identify 
subclinical disease in pigs (Henryon et al. 2001), and so this trait can also be extrapolated to quantify 
the environment. While combining the CG estimates of ADG and BF did not appear to be 
advantageous, alternative traits should be further investigated to capture additional aspects of the 
environment.  
Since two traits are being used to derivate CG estimates in this study, alternative models can be 
used to derive these estimates e.g. bivariate models for simultaneous estimation of CG effects from 
two production traits. Likewise, there are alternative statistical models that can be used to quantify 
G×E, including multi-trait models, reaction norm models and factor analytical models. A review of 
each of these approaches was outlined by Sae-Lim et al. (2015). While there are advantages in the 
more complex models, all models require good data. The main objective of this paper was to refine a 
descriptor of the environment. A sire interaction model was chosen for this study for its simplicity 
and precision to detect G×E. Further, the sire interaction model has potential use in practical breeding 
programs since it provides an overall estimated breeding value for each sire across all environments, 
as well as a specific estimated breeding value for each environment.  
Performance traits as environmental descriptor can be further combined with specific 
descriptors of the environment. In dairy, CG estimates have been derived from multiple milk 
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production traits and combined with climatic variables to be used as an environmental descriptor. For 
example, to analyse G×E for female fertility traits, Strandberg et al. (2009) used an intensity index 
derived by Haskell et al. (2007), which combined herd solutions of various milk production traits 
with climatic variables. Alternatively, if more data was collected to allow for more stringent 
definitions of the environment, these environmental descriptors can be used individually. In a meta-
analysis of pig performance traits, Douglas et al. (2015) used industry based studies to derive 
environmental descriptors from characteristics of individual pigs, groups of pigs, housing and feed, 
and examined the interactions between descriptors. Specific environmental variables can be used to 
assess which variables cause G×E (for example, Sae-Lim et al. (2014)). 
 
CONCLUSIONS 
Several studies have highlighted the need for new strategies in pig production that incorporate both 
high health and productivity. The ability to define resilient phenotypes will allow selection for 
animals that remain productive and healthy, despite infection challenges. However, the greatest 
challenge is how to quantify the environment, in particular the infection challenges present in the 
environment, using routinely collected data. The CG estimates adjusted for temperature fitted as 
splines may provide a finer definition of the unknown environmental challenges. While the unknown 
challenges captured in refined CG estimates need verification for infection challenges, this may 
provide a practical approach for the genetic improvement of disease resilience.   
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ABSTRACT 
The pig environment can be quantified through the mean performance of a contemporary group (CG), 
adjusted for systematic and genetic effects. This study used time series analysis to decompose CG 
estimates into the seasonal, long-term trend and residual components generally observed in time 
series data using data from two herds. These CG estimates were decomposed using seasonal-trend 
decomposition based on locally weighted regression. For Herd 1, CG estimates for average daily gain 
(ADG) were unadjusted and adjusted for minimum monthly temperatures (MinT). The unadjusted 
CG estimates, which ranged from -67 to +55 g/day, had a decomposed seasonal contribution that 
accounted for between -26 to +21 g/day. Even though the CG estimates adjusted for MinT had a 
smaller range than unadjusted estimates, a seasonal component was still extracted, ranging from -12 
to +11 g/day. This demonstrates that temperature, represented by MinT, accounts for some, but not 
all, seasonality for this herd. Therefore, seasonal decomposition may be more effective at separating 
the seasonal effects from the other challenges captured in CG estimates, compared to adjusting for 
specific climatic variables through splines for this herd. For Herd 2, CG estimates based on ADG, as 
well as CG estimates based on backfat (BF), were also decomposed using the same methodology. 
The seasonality exhibited by the CG estimates of ADG from Herd 1 was stronger than the seasonality 
from Herd 2 (range of -13 g/day to 10 g/day). If selection for general robustness is to utilise CG 
estimates as the environmental descriptor, this suggests that selection for general robustness Herd 1 
may be equivalent to selection for seasonal robustness. The seasonal and residual components 
extracted from Herd 2’s CG estimates based on BF were uncorrelated with the seasonal and residual 
components extracted from CG estimates based on ADG (|r| < 0.10). However, there was a moderate 
correlation between the decomposed trends from the CG estimates based on BF and ADG (r = 0.34). 
Therefore, the two traits appear to describe the same long-term environment trend to a certain degree, 
but the differences in what their CG estimates capture are largely due to seasonal fluctuations related 
to calendar events, and also short-term perturbations. Since the decomposed trend and residual 
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components extracted from CG estimates contain challenges other than seasonal effects, the trend 
and residual components may need to be considered together in genetic models for genetic 
improvement of disease resilience.  
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INTRODUCTION 
Environmental descriptors based on contemporary group (CG) means of various production traits, 
which have been adjusted for systematic and genetic effects, are assumed to measure the quality of 
the environments by capturing any known and unknown environmental challenges. It was argued that 
climatic effects are a known environmental challenge, and that CG estimates should be also adjusted 
for more specific measures of climatic effects other than season, defined as three-monthly periods 
(Chapter 7; Guy et al. (2017b)). While average minimum monthly air temperature (MinT), fitted as 
a spline, was the climatic variable that explained the most environmental variation captured by CG 
estimates, these adjusted estimates still exhibited seasonality. Therefore, alternative approaches are 
needed to more appropriately partition the seasonal effects from the other challenges captured in CG 
estimates.  
Time series data are observations taken sequentially in time (Box et al. 2008). When the CGs 
within a herd are defined systematically over time, as presented in previous chapters, these estimates 
can be seen as time series data. Therefore, time series methodology can be used to seasonally adjust, 
or seasonally decompose, CG estimates into the typical time series parts of trend, seasonal and 
residual components. The trend component presents the long-term increase or decrease in the data, 
seasonality is the pattern that exists at a specified period, and the residual is the component 
unexplained by the trend and seasonality.   
Seasonality is defined by the Australian Bureau of Statistics (2017) as events that are systematic 
and calendar-related. Census data on repeated observations over time are seasonally adjusted by the 
Australian Bureau of Statistics, since seasonality can conceal an underlying trend or non-seasonal 
characteristics of interest in these observations (Australian Bureau of Statistics 2017). In pig 
production, the term 'seasonality' is mostly used in reference to the effects of specific environmental 
challenges across a year. For example, environmental effects of temperature and humidity on 
production traits, such as weight gain and reproductive success (Lewis & Bunter 2011). The disease 
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occurrences in pigs over seasons have also been explored (Sanchez-Vazquez et al. 2012). The effects 
of seasonality due to temperatures have been accounted for using a regression approach by fitting 
harmonics based on sine and/or cosine functions (Bergsma & Hermesch 2012) and plateau-linear 
models (Bloemhof et al. 2008; Lewis & Bunter 2011). While this methodology can be used to account 
for the seasonality of a specific variable, this can only be successful if the variable itself is seasonal. 
Further, data on these environmental variables are required, which may not always be possible. The 
CG estimates adjusted for MinT that were presented in Chapter 7 of this thesis (Guy et al. 2017b) 
still exhibited seasonality, suggesting that MinT did not explain all of the regular fluctuations 
throughout the year for this particular herd. Therefore, alternative approaches to account for 
seasonality are needed from a broader perspective, so that more seasonality may be partitioned from 
CG estimates. An alternative approach may be based on an overall systematic calendar-related event, 
as opposed to seasonality of a specific environmental variable.  
The objective of this study was to decompose CG estimates into time series components, using 
seasonal-trend decomposition based on locally weighted regression (STL) (Cleveland et al. 1990). It 
was hypothesised that time series methodology could be used to partition seasonal effects from the 
general environmental challenges captured in CG estimates of the pig, even without data on specific 
environmental variables. 
 
MATERIALS AND METHODS 
Data 
The data from two herds were used in this study. The data from Herd 1 were described in Chapter 7 
of this thesis (Guy et al. 2017b). Briefly, production records from 1999 to 2013 were available from 
a commercial herd of Large Whites in south east Queensland, Australia (n = 31,230). Body weight 
was measured at 90.9 ± 9.9 kg (mean ± SD) at an average age of 127.9 ± 5.1 days.  
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The CG estimates of average daily gain (ADG) were derived through linear mixed models using 
ASReml (Gilmour et al. 2009). Sex was a fixed effect, and additive genetic effect, CG and litter 
environment were random effects. Defined by birth month, there were 167 CGs with an average size 
of 187 pigs. An alternative model was fitted to account for minimum monthly temperatures of test 
month (MinT; data from www.bom.gov.au) using splines (more detail of models in Chapter 7, Guy 
et al. (2017b). The CG estimates from each of the two models (termed as unadjusted and adjusted 
CG estimates in this chapter) were extracted, and treated as time series data.  
The data from Herd 2 were described in Chapter 5 of this thesis (Guy et al. 2017a). Briefly, 
production records from 2004 and 2010 were available for entire males from two lines, located in the 
Riverina region of New South Wales, Australia (n = 7,746). Body weight was measured at 102.5 ± 
10.7 kg at an average age of 157 ± 7 days. Boars had a mean ADG of 653.8 ± 65.0 g/day and a mean 
backfat (BF) measurement of 8.8 ± 1.8 mm. There were 255 CGs, which were defined as week-year 
of test. The CG sizes ranged from 16 to 107 pigs, with an average of 30 pigs.  
For Herd 2, the CG estimates of ADG were derived through linear mixed models using ASReml 
(Gilmour et al. 2009). Fixed effects included line (2 levels) and season (4 levels). Season was included 
in the model to evaluate whether seasonality can be accounted for in this way for this herd. Additive 
genetic effect, CG and litter environment were specified as random effects. To derive the CG 
estimates of BF, fixed effects included line and a linear covariate of weight at test. Random effects 
included additive genetic effect and CG. 
 
Analysis 
 Since preliminary analysis determined seasonal and residual fluctuations as approximately constant 
in size over time, an additive time series model was chosen to be the most appropriate model as 
opposed to a multiplicative model. The additive model can be described as:  
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Yt = Tt + St + Et 
where Yt is the observation at time period t, which is the empirical summation of the trend component 
(Tt), the seasonal component (St) and the residual component (Et) at period t.  
All analyses were conducted in R (R Core Team 2016). Herd 1’s unadjusted and adjusted CG 
estimates of ADG were tested for whether the trend was stationary, before and after decomposition. 
The Kwiatkowski-Phillips-Schmidt-Shin (KPSS) test (Kwiatkowski et al. 1992) was conducted using 
the 'kpss.test' function in the 'tseries' package. The null hypothesis of the KPSS test was that the 
observable time series is stationary around the deterministic trend. That is, there is no trend or pattern 
in the data.  
The CG estimates of both herds were decomposed into the trend, seasonal, and residual time 
series components using seasonal-trend decomposition using locally weighted regression (STL). 
Specific details on the STL procedure are described in Cleveland et al. (1990). To summarise, STL 
is a nonparametric filtering procedure that allows decomposition of series with missing values. 
Smoothing is based on neighbouring observations, where the nearest neighbours have the largest 
weights. The window of nearest neighbours is chosen, and a locally-fitted polynomial is fitted. The 
larger the window, the smoother the component. If the data pattern has a gentle curvature, a locally-
linear polynomial is recommended, while a locally-quadratic polynomial is recommended for data 
with substantial curvature with peaks and troughs. The procedure has recursive loops: the seasonal 
and trend components are updated once in the inner loop, passed onto the outer loop and robustness 
weights calculated. These weights are used in the next inner loop run to reduce influence of transient 
or erratic behaviour on the trend and seasonal components.  
The choice of parameters that affect decomposition can be based on the data characteristics and 
diagnostics. The following is a description of the main parameters that were manipulated in this study, 
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according to the arguments of the 'stl' function in R.  These were chosen as a combination of visual 
inspection for smoothness of the trend and also as advised in Cleveland et al. (1990):  
 seasonal window (s.window): the width of the locally weighted neighbourhood window to 
extract the seasonal component  
 seasonal degree (s.degree): degree of the locally-fitted polynomial to extract the seasonal 
component 
 trend window (t.window): the width of the locally weighted neighbourhood window to 
extract the trend component 
 trend degree (t.degree): degree of the locally-fitted polynomial to extract the trend 
component 
 
RESULTS  
For Herd 1, the CG estimates of ADG, unadjusted and adjusted for MinT, were found to be trend-
stationary. That is, there is no increasing or decreasing trend over time (KPPS level = 0.10, p = 0.10 
for unadjusted CG estimates; KPSS level = 0.18, p = 0.10 for adjusted CG estimates). These results 
indicate that the CG estimates from both models describe environmental conditions that were fairly 
constant across years.  
The unadjusted and adjusted CG estimates were decomposed into the trend, seasonal and 
residual components. Figure 8-1 shows how the CG estimates were decomposed over time.  
 
 
Figure 8-1. Contemporary group (CG) estimates for Herd 1 (–– unadjusted and --- adjusted for 
minimum monthly temperatures), decomposed into seasonal, trend and residual components 
using time series analysis. 
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A combination of parameter settings was compared. The s.window parameter was chosen as 
'periodic' (where smoothing is effectively replaced by taking the mean), s.degree and t.degree as 
locally-linear, and t.window at 25 surrounding observations (lags). These parameters were chosen by 
visual inspection for smoothness of the trend and as advised by Cleveland et al. (1990).  
The ranges for the trend, seasonal and residual time series components for Herd 1 are presented 
in Table 8-1. Although the CG estimates adjusted for MinT had a lower range than the unadjusted 
CG estimates, seasonality was still partitioned from these estimates, accounting for a range of 23 
g/day.  
 
Table 8-1. Ranges of contemporary group (CG) estimates of average daily gain (g/day) for Herd 
1, unadjusted and adjusted for minimum monthly temperatures (MinT) (models described in 
Guy et al., 2017b), decomposed into the trend, seasonal and residual components 
 
 
 
Raw CG 
estimates 
Trend Seasonal Residual 
CG estimates- unadjusted  -67 to +55 -19 to +14 -26 to +22 -33 to +33 
CG estimates- adjusted for MinT  -52 to + 38 -14 to +11 -12 to +11 -32 to +26 
 
Pearson’s correlations were calculated to compare the differences between the decomposed 
unadjusted CG estimates and decomposed adjusted CG estimates. While the raw unadjusted and 
adjusted CG estimates initially had a relatively strong linear relationship (r = 0.84), the decomposition 
of both sets of CG estimates resulted in even more similar trend (r = 0.99) and residual components 
(r = 0.95). The lower correlation of the seasonal component (r = 0.78) was as expected, since some 
seasonality was already taken out of the CG estimates adjusted for MinT through splines. This 
suggests that seasonal decomposition of unadjusted CG estimates may be sufficient if temperatures 
are either not seasonal, or not available.  
The birth- month effects from the seasonal component is presented in Table 8-2. Since CGs 
were defined by birth month and the CG estimates are based on the lifetime average daily gain 
(measured approximately at four months of age), these monthly effects are interpreted as the quality 
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of the growing environments that the pigs are born in. For example for the unadjusted CG estimates, 
pigs born in April were born in the best growing environment (growth over Autumn and Winter), 
while the most challenging environment to be born in was October (growth over Summer). There 
appears to be a one-month lag for seasonal effects when CG estimates were adjusted for MinT. Using 
the adjusted CG estimates, the most challenging environment in which a pig was born in was 
November, while the best growing environment was identified in May. 
 
Table 8-2. Birth-month estimates of the seasonal component (g/day), extracted from 
contemporary group (CG) estimates of average daily gain for Herd 1 
 
Birth month Unadjusted CG estimates  CG estimates adjusted for MinT  
January 3.4 -6.8 
February 9.6 -2.0 
March 18.2 4.4 
April 20.6 6.9 
May 18.7 10.5 
June 10.8 8.2 
July -2.4 4.5 
August -8.3 4.7 
September -18.8 -2.8 
October -26.3 -10.3 
November -22.7 -11.9 
December -2.6 -5.5 
 
 
 
The KPSS test indicates that the remaining trend components of the unadjusted and adjusted CG 
estimates were not considered trend-stationary (p = 0.04), despite a smaller range of environmental 
variation. However, the KPSS test is very sensitive as it has a high rate of Type I errors, and tends to 
reject the true hypothesis of stationarily especially with unexpected shifts in the series (Lee et al. 
1997). Since there appears to be unexpected shifts, or structural breaks, the trend component around 
the years of 2003 and 2008, the result of this KPPS test is believed to be bias toward rejecting the 
null hypothesis. Therefore, the trend components of the unadjusted and adjusted CG estimates for 
Herd 1 may be considered as trend-stationary. That is, there is no pattern or systematic trend.  
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The decomposed CG estimates of ADG and BF from Herd 2 are shown in Figures 8-2 and 8-3, 
respectively. Although the fitting of season as a fixed effect reduced the CG variance, a seasonal 
component was extracted from CG estimates of ADG. This demonstrates that it is not sufficient to 
account for seasonality in this way. 
 
Figure 8-2. Weekly weaning contemporary group (CG) estimates based on average daily gain 
(g/day) for Herd 2, decomposed into seasonal, trend and residual components using time series 
analysis. 
 
 
 
 
 
Figure 8-3. Weekly weaning contemporary group (CG) estimates based on backfat (mm) for 
Herd 2, decomposed into seasonal, trend and residual components using time series analysis. 
 
The range of the trend, seasonal and residual components for the CG estimates for both ADG and BF 
for Herd 2 are shown in Table 8-3. Unlike for Herd 1, the unadjusted CG estimates of growth for 
Herd 2 did not appear to exhibit as much seasonal variation. Since CGs were defined by week-year, 
there were considerable fluctuations in weekly seasonal effect estimates. However, the largest 
weekly-seasonal effect was estimated in the months of May and June (both at +10.0 g/day), and the 
lowest effect in August (-13 g/day) and September (-11 g/day). This indicates that pigs in Herd 2 also 
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had the best growing environments at similar times of the year as Herd 1. On the other hand, BF 
showed a different seasonality pattern and appears to have no detectable pattern.  
 
Table 8-3. Ranges of contemporary group (CG) estimates of average daily gain (ADG) and 
backfat (BF) for Herd 2 in New South Wales (models described in Guy et al. (2017a)), 
decomposed into the trend, seasonal and residual components 
 
 Raw CG 
estimates 
Trend Seasonal Residual 
ADG (g/day) -54 to 57 -36 to 13 -13 to 10 -45 to 55 
BF (mm) -1.7 to 2.2  -0.4 to 0.4  -0.4 to 0.4 -1.4 to 2.1 
 
Pearson’s correlations were calculated to compare the differences between the decomposed CG 
estimates of ADG and decomposed CG estimates BF from Herd 2. The raw CG estimates of BF and 
ADG had a low Pearson’s correlation of 0.05. This suggests that the two traits capture different 
aspects of the environment. On the other hand, the trend components had a Pearson’s correlation of 
0.34. Pearson’s correlation between the seasonal components was -0.09, and -0.05 for the residual 
components.  
 
DISCUSSION  
Seasonal decomposition of environmental descriptors based on CG estimates  
Although Herd 1’s CG estimates of ADG were adjusted for MinT, a seasonal component was still 
partitioned from these estimates. This demonstrates that MinT accounts for some, but not all, 
seasonality for this herd. However, the ability to account for specific climatic variables may vary 
depending on herd location, and the degree of seasonality for that climatic variable.  
Selection for improved robustness can be based on CG estimates for ADG as the environmental 
descriptor. Since seasonal components were able to be partitioned from the CG estimates of ADG of 
this herd, selection for improved overall robustness will be partly for improved response to seasonal 
fluctuations, and partly for other environmental challenges. Meanwhile, since there was less 
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seasonality extracted from Herd 2’s CG estimates of ADG, selection for robustness in Herd 2 using 
environments defined this way may be selecting for robustness other than seasonal effects.  This 
provides a better understanding of the specific challenges faced by various herds. This also shows 
that the STL procedure is capable of decomposing the time series of CG estimates across different 
herds in different locations, demonstrating the flexibility of this methodology. 
The range in raw CG estimates of ADG was smaller for the Herd 2 compared to Herd 1 by only 
10 g/day. However, the Queensland Herd 1 CG estimates of ADG contained a larger seasonal 
component (range of 48 g/day) than the CG estimates of ADG from Herd 2 in New South Wales 
(range of 24 g/day). Herd 1 is located closer to the equator compared to Herd 2, and thus thought to 
experience hotter and more humid summers. Although the mean maximum temperatures in summer 
were comparable in both locations, the mean minimum temperature and humidity in summer were 
higher in Herd 2 (data accessed from http://www.bom.gov.au/). Differences in the seasonality pattern 
for different herds may reflect not only the location of the farm, but also the infrastructure of the 
sheds. For example, newer facilities may be better insulated so performance is not as affected by 
seasonality as much as others. However, climatic and infrastructure effects are confounded, their 
effects may be cumulative, and it is not possible to separate these effects from each other.  
The monthly estimates of seasonal components for Herd 1 align with recommended temperature 
guidelines provided by the Australian pork industry and the known seasonal effects on growth rates 
of the pig (Australian Pork Limited 2016). There appears to be a lag for seasonal effects when CG 
estimates were adjusted for MinT. Using the adjusted CG estimates, the most challenging 
environment in which a pig was born in was November, while the best growing environment was 
identified in May. This discrepancy between the seasonal components from the two definitions of the 
environment may be due to factors other than temperature. Nevertheless, the lower CG estimates for 
spring (September to November) reflects the higher haptoglobin levels found in pigs by Sales et al. 
(2015), which was measured in newly weaned pigs in this time period from the same herd as this 
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study. This indicates that pigs born during this time of the year are possibly faced with infection and 
stress challenges. 
A key advantage to the STL procedure is its flexibility. No specific climatic measures are 
needed, and this methodology can also allow for seasonal effects that can change across years through 
use of a multiplicative model.  It is also flexible enough to account for different locations of herds 
and alternative traits. This is demonstrated for the seasonal decomposition of the CG estimates of 
ADG and BF from Herd 2 (derived from Chapter 5, Guy et al. (2017a)). With this example, the 
definition of a CG was by weaning week, and there appears to be more fluctuations in the weekly CG 
estimates over time. In this example, seasonality is extracted on a period length of 52 weeks, so 
seasonality does not need to be defined for the fixed four three-month definitions of season, but more 
dynamically based on the 52 weekly estimates.  
For Herd 2, the low Pearson’s correlation between the CG estimates of ADG and CG estimates 
of BF indicates that different environments are captured by the two traits. The two traits also differed 
in their response to weekly seasonality due to their unique seasonal component, and short-term 
perturbations described in the residual component. However, the long-trend component, which does 
not include any seasonal effects, had a moderate correlation of 0.34. This indicates that the two traits 
do describe the same long-term environment trend to a certain degree, but the differences in what 
their CG estimates capture are largely due to seasonal fluctuations related to calendar events, and also 
short-term perturbations. However, the direction of this relationship was not as expected. Fat is 
thought to be deposited as a reserve in challenging periods, and so higher CG estimates of BF (worse 
environments) are expected to correspond to lower CG estimates of ADG (as shown in Guy et al. 
2017b),  but has also been shown to not always be affected by challenges (Black et al. 2001). A 
possible factor that can increase both ADG and BF is excessive feed, as demonstrated in the linear-
plateau model for protein and lipid deposition (Hermesch et al. 1998). 
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Further application of seasonal decomposition methodology 
Seasonal-trend decomposition through STL was used by Sanchez-Vazquez et al. (2012) to analyse 
lung lesion occurrences recorded in pig carcasses over a 6 year period, and also to produce monthly 
odds ratios for the risk of lesion occurrences. The trend decomposed through STL reflected the 
significance of the quadratic term for the lesion occurrences in a binomial generalised linear mixed 
model. This highlights the use of this methodology for larger-scale health monitoring, which can be 
applied to other traits recorded on-farms, as well as data from abattoirs. 
Time series analysis may be further used to make predictions (as demonstrated by Carvalho 
(2016)). For example, Murphy et al. (2014) compared predictions on the lactating curves using 
moving average windows, multiple linear regression and artificial neural networks. The moving 
average windows allowed a shorter window to base predictions on, and therefore present an accurate 
alternative for short-term milk-yield predictions. However, STL was chosen for this current study for 
its ease, and ability to handle missing data. Combinations of parameters for STL were tested in this 
study, with the aim of producing smooth trend and seasonal component. Although the different 
parameter settings produced similar results, the flexibility and control in which the analyst has on 
these parameters may pose a risk of unreliable, or bias, results. Another approach to decompose time 
series data is by moving average (MA) models, where the window slides over predefined over a series 
of subsetted observations (as opposed to iterations and loops for STL). However, STL provides more 
flexibility and robustness to the fitting, and there is readily accessible software for this analysis.  
Since the residual component of a time series analysis represents the short-term perturbations 
that occur, this may contain a measure of a sudden infection challenge that occurs on-farm. However, 
the choice of parameters during the STL procedure allows the user to manipulate the proportion that 
is allocated to the trend or the residual component, and use of the residual component alone should 
be used with caution.  
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Alternatively, using the trend and residual components together can be seen as a measure of 
environmental challenges other than seasonal effects, including environmental challenges as well as 
infection challenges. Although there may still be confounding, a certain amount of seasonality was 
still extracted using STL. The trend and residual components may then be considered as an even more 
refined definition of the environment, and a finer definition of the unknown challenges that pigs 
experience. However, these measures of the unknown challenges need to be further compared with 
specific measures of infection or health challenges for the definition of disease resilience.  
 
CONCLUSIONS 
Seasonal decomposition through locally weighted neighbouring observations provides a flexible and 
simple way of partitioning the seasonal effects from other environmental challenges captured in CG 
estimates. A seasonal component was still able to be extracted from CG estimates in one herd, despite 
already having been pre-adjusted for minimum monthly temperatures. This suggests that seasonal 
decomposition may be more effective at separating the seasonal effects from the other challenges 
captured in CG estimates, compared to adjusting for specific climatic variables through splines, for 
example. The flexibility of this methodology is applicable across different herds and different traits. 
Unique trend and seasonal patterns can be extracted depending on the herd management environment 
and location. The decomposed trend and residual component may need to be considered separately 
in genetic models for genetic improvement of disease resilience, but needs to be verified against 
specific measures of infection challenges.  
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ABSTRACT 
Pedigree, production and medication records were available for an Australian herd of Large White 
pigs from between 2011 and 2016. These records were used to address the three objectives. The first 
objective was to characterise the health challenges of the herd. The majority of medication treatments 
were administered to sows that experienced farrowing issues. For the growing pig, the majority of 
the treatments were related to tail bite, followed by being generally unwell, issues involving feet and 
legs, and skin conditions. The prevalence of medication for the growing pig was calculated as the 
percentage of pigs born each month which were medicated at some point during production. Two 
pedigrees were used to quantify the number of pigs in the herd – a reduced pedigree based on available 
performance records, and a full pedigree, constructed using numbers weaned per litter. Since the full 
pedigree presents a more precise measure of the total number of pigs on-farm each month, use of the 
full pedigree provides a more accurate estimate of medication prevalence compared to using the 
reduced pedigree. The very low incidence of pathogenic challenges indicates that this herd is of high-
health status. The second objective of this study was to estimate genetic parameters for health of the 
growing pig. A health trait was defined as a binary (case/control) outcome of medication treatment, 
and fitted as a generalised linear mixed sire model. There were 812 medicated pigs that were linked 
to pedigree records (cases), and the remaining 8,023 in the reduced pedigree and 21,352 in the full 
pedigree were assumed to have not been medicated (controls). Significant fixed effects included sex 
(male and female pigs with approximately equal numbers) and a linear covariate of the number of 
post-weaning deaths in the litter. Estimates of fixed effects and genetic parameter estimates were 
fairly consistent using both pedigrees, with heritability estimated at 0.06 ± 0.04 (± SE) using the 
reduced pedigree, and 0.04 ± 0.03 using the full pedigree. Therefore, the reduced pedigree available 
from performance recording may be sufficient to derive genetic parameter estimates for health. In 
this herd, male pigs from litters with a higher number of post-weaning deaths were more likely to be 
medicated. Separate models were used to evaluate the association between medication status and the 
9 HEALTH STATUS USING MEDICATION RECORDS  
 
170 
 
genetic merit for growth. Animals with higher estimated breeding values for growth were less likely 
to be medicated. This supports the use of growth as an indirect indicator for good health, and further 
supports that selection for higher growth is also beneficial for better health. The final objective of this 
study was to assess the extent to which infection challenges information is captured in contemporary 
group (CG) estimates of growth rate. The five environmental descriptors based on CG estimates 
examined had moderately negative linear relationships with the frequency of medicated pigs for the 
corresponding months, suggesting that these descriptors of the environment appropriately describe 
the quality of the environment in terms of health challenges. However, the ability to measure disease 
resilience for this herd using these records is restricted due to the minimal pathogenic challenges 
experienced in this herd. Nevertheless, as the quality of environments described by CG estimates 
increase, the pigs are less medicated, and robustness of sire lines can be evaluated. While there were 
positively correlated responses between growth and health, selection for growth alone is not 
sufficient. Health defined using simple medication records will supplement the benefits of genetic 
improvement of growth, and provide additional information for pig breeding programs. 
  
Keywords: environmental descriptor, health, genotype by environment interaction, disease 
resilience, time series  
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INTRODUCTION 
A robust animal has the ability to cope with and be resilient to external stressors, which can allow for 
unproblematic expression of high production potential in a wide variety of conditions (Knap 2005). 
One mechanism to allow for robustness against the specific challenge of infectious agents is disease 
resilience, which can be defined as the ability to maintain performance and health despite infection 
challenges in the environment. This is achieved by mounting the appropriate response to combat the 
pathogen directly and indirectly, by utilising both host defence mechanisms of disease resistance and 
disease tolerance (Guy et al. 2012; Doeschl-Wilson & Lough 2014; Hermesch 2014). Genetic 
variation in disease resilience can be evaluated using a genotype by environment interaction (G×E) 
approach, where E is the trajectory of environmental infection challenges. However, this trajectory 
should take into account the other environmental challenges that pigs may also be experiencing for a 
multi-dimensional approach (Guy et al. 2012), so as to reflect the disease space of an infection 
challenge (Torres et al. 2016).  
The overall quality of, and therefore challenges in, an environment can be quantified through 
the mean performance of a contemporary group (CG). Estimates of CG effects, or CG estimates, 
which have been adjusted for systematic and genetic effects, are assumed to simultaneously capture 
any known and unobservable challenges that exist in the environment, which includes infection 
challenges. Environmental descriptors for the growing pig have been derived using CG estimates of 
various performance traits (Chapters 4, 5, 6 of this thesis). Attempts have been made to separate the 
challenges that are simultaneously captured in CG estimates. In Chapter 7 of this thesis (Guy et al. 
2017a), CG estimates of growth rate were adjusted for climatic variables through splines. For this 
herd of interest, monthly averages of minimum air temperatures (MinT) accounted for the most 
known environmental variation captured in CG estimates based on growth rate. Use of these adjusted 
CG estimates increased the ability to detect genetic variation in growth of sire lines (Guy et al. 2017a). 
Seasonal effects were further partitioned from the CG estimates through seasonal decomposition in 
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Chapter 8 of this thesis (Guy et al. 2017b). Further seasonality was extracted from the CG estimates 
which were adjusted for MinT, indicating that seasonal decomposition may be a more appropriate 
method to account for the regular and known fluctuations in performance due to climatic effects. It 
can be argued the definitions of the environment derived in Chapters 7 and 8 are a finer definition of 
the unknown challenges in the pig environment. However, to determine whether these environmental 
descriptors are suitable for the evaluation of disease resilience, the infection challenges experienced 
need to be verified. 
Producer-recorded medication records are a source of information that can provide insight into 
the health status of a herd, and the types of challenges experienced. These records are routinely 
collected on most Australian piggeries as they are required for quality assurance programs to 
minimise the risk of chemical residuals entering the food supply chain (APIQ Management 2017). 
Therefore, these records were used to address the three objectives of this study. The first objective 
was to describe the health challenges experienced by a pig herd using medication records. The second 
objective was to estimate genetic parameters for health of the growing pig. The third objective was 
to use medication records to assess the extent to which the infection challenges are captured in CG 
estimates. It was hypothesised that the environmental descriptors based on CG estimates of lifetime 
average daily gain (ADG), adjusted for climatic and seasonal effects, reflect the infection challenges 
described by on-farm medication records. If the adjusted CG estimates reflect infection challenges, 
these definitions of the environment may provide a means to analyse variation in response to the 
infection challenges for the routine genetic evaluation of disease resilience.  
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MATERIALS AND METHODS 
Data 
Pedigree, production and medication records were obtained from a commercial herd of Large White 
pigs from the University of Queensland piggery in Gatton, Queensland, Australia. Pedigree and 
production records were exported from the genetic evaluation and herd data base systems, with 
records available from March 1997 to December 2016. Medication records were available from 
January 2011 to the beginning of April 2015 (n = 2,854), which included information on the date of 
medication, shed, pig identification (ID), approximate weight (kg), medication(s) used, doses and 
reason(s) for treatment. The sheds from which medication records were taken from included weaner 
(approximately from 22 days), porker (25-55 kg), grower (> 55 kg), gilt (1st parity), dry sow (in 
between litters), farrowing, and detection mating area (DMA) sheds. The piglets that were medicated 
while still on the sow in the farrowing shed before weaning were reclassified as being in the 'piglet' 
shed.  
 
Statistical analysis 
This section is partitioned to three subsections according to the objectives of this study. Analysis I 
describes the steps taken to address the first objective of characterising the health challenges of a pig 
herd using medication records. Analysis II describes the analysis for the second objective of 
estimating genetic parameters for health of the growing pig. Analysis III describes the validation of 
environmental descriptors based on CG estimates with the challenges described by medication 
records for the third objective of this study.  
 
 
 
9 HEALTH STATUS USING MEDICATION RECORDS  
 
174 
 
Analysis I. Characterisation of health challenges using medication records 
The reasons for medication across all sheds were re-coded for consistency, and further categorised 
into the health challenges related to "farrowing issues", "tail bite", "lameness", "generally unwell", 
"scours", "skin" and "other" (outlined in Table 9-1). These categories were decided depending on the 
frequency of medication records. The category of 'other' including reasons that was deemed a trivial 
health issue for the herd, comprised less than 50 individual incidents recorded across all sheds over 
the 5.5 years.  
 
Table 9-1. Categories of health challenges using producer-recorded medication records from 
an Australian commercial piggery between 2011 and 2016 (n = 2,854) 
 
Category Health challenges 
Farrowing issues Internal, discharge, retained, assisted farrowing, abort 
Tail bite 
 
Lameness Includes legs, feet, lame, claw injury, toe injury 
General illness  Unwell to a non-specific illness, including unwell, anorexia, off-
colour, underweight, fever, vomiting, pain, panting  
Scours 
 
Skin Includes spots 
Other Reasons with <50 incidents recorded. Includes ear infections, 
mastitis, urinary infection, arthritis, ulcers 
 
Monthly incidence of medication for growing pigs 
Medication records from the weaner, porker and growing sheds were used to investigate the monthly 
incidence of medication for the growing pig (n = 1,102). Since medication records were only available 
from between 2011 and 2016, the pedigree records from the same time period were used in this part 
of the analysis. Not all pigs with medication records were aligned with pedigree records. The 
medicated pig IDs that could not be matched up with pedigree pig IDs were either not included in the 
available pedigree in the genetic evaluation system, or were present in the pedigree but not matched 
due to data entry errors. The other pigs in the pedigree that did not have a medication record and were 
born in the same month as the medicated pigs were assumed to not have been medicated. Since not 
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all pigs that were on-farm were recorded for performance and therefore not included in the pedigree, 
this pedigree can be considered as a reduced pedigree. This reduced pedigree had a total of 8,835 
pigs, which were born between October 2010 and March 2016 inclusive. Birth-month CGs ranged in 
size, from 15 and 247 pigs, with an average of 134 pigs. The monthly incidence of medication was 
calculated as the proportion of pigs in the pedigree which were medicated each month. A full pedigree 
was constructed using additional information on the number of pigs weaned in each litter, which 
included a record for all siblings in the litter. The pigs that did not survive to weaning were not 
included in the pedigree. This resulted in a total of 22,164 pigs, with an average birth-month 
contemporary group size of 339 pigs. Any pig in the pedigree without a medication record was 
assumed to not have been medicated.  
The monthly prevalence of medication was calculated as the percentage of pigs born each 
month which were medicated at any point during production.  
 
Analysis II. Genetic parameters for health of the growing pig 
The second objective of this study was to estimate genetic parameters for health of the growing pig. 
The data used for this objective were the same data used to describe the monthly prevalence of 
medicated growing pigs in Analysis I (n = 8,835 for the reduced pedigree, n = 22,164 using the full 
pedigree).  
There were insufficient medication records for the growing pig to derive health traits for each 
health challenge category. Consequently, the health trait developed was on overall health, defined as 
a binary trait as medicated (case) or not medicated (control). This outcome variable was analysed as 
a binomial variable using a generalised linear mixed model, which was fitted on a sire level with a 
logistic link in ASReml (Gilmour et al. 2009).  
The final model was chosen through backward elimination. For health analysed using the 
reduced pedigree, the model was as follows: 
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1log μ Sex β PostWeanDead Sire Litter CG
1
e
 
      
    
 
where  is the probability of a pig being medicated (Y = 1),  1  is the probability of a pig not being 
medicated (Y = 0), and / (1 )    is the odds of observing a medicated pig. The significant fixed 
effects included Sex (2 levels), linear covariate of litter characteristics of number of post-weaning 
deaths (PostWeanDead) with regression coefficient of 1. Random effects included sire, common 
litter effect (Litter), and birth-month CG. The relationships between sires and their progeny were 
taken into account using the reduced and full pedigrees. For health analysed using the full pedigree, 
only the number of post-weaning deaths was fitted as a fixed effect since sex could not be inferred 
for the litter mates that were not performance recorded. Although animal models are theoretically 
preferable to sire models, sire models were used for analysis to provide clearer links between 
medication frequencies, where sires could be seen as having repeated observations or records for 
medication through their progeny.  
Additive genetic variance was estimated as four times the estimated sire variance. Since 
estimated with a logistic link function, the residual variance was specified as 2/3  3.29. Phenotypic 
variance was calculated as the summation of the sire genetic variance, common litter variance and 
the residual variance. Heritability and common litter effect was estimated as the proportion of the 
phenotypic variance attributed to the estimated additive genetic variance and common litter variance, 
respectively, expressed on the underlying liability scale.  
The association between medication status and the genetic merit for growth was also explored 
in additional models, with the estimated breeding value (EBV) for growth fitted as a linear covariate. 
These EBVs were derived from Model 1A in Chapter 7 (Guy et al. 2017a). Mid-parent EBVs were 
used if the EBV for an individual was not available. 
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Analysis III. Validation of environmental descriptor based on contemporary group estimates with 
challenges described by medication records  
The third objective of this study was to validate the infection challenges captured by environmental 
descriptors based on CG estimates of ADG, using the health challenges characterised by the 
medication records. Five definitions of the environment were examined, which were derived in 
Chapters 7 and Chapters 8 of this thesis. Briefly, records from between 1999 and 2013 were used to 
derive CG estimates. There were 31,230 individual pigs that were used to derive CG estimates. The 
definition of a CG was month and year of birth, and any CGs with less than 50 members was excluded 
from analysis. This resulted in 167 CGs, ranging in size from 56 to 489 pigs with an average of 187 
pigs. The average body weight on test date was 90.9 ± 9.9 kg (mean ± SD), measured at an average 
age of 127.9 ± 5.1 days. 
The first two environmental descriptors based on CG estimates were from Chapter 7 of this 
thesis (Guy et al. 2017a), derived using the following linear mixed animal models using ASReml 
(Gilmour et al. 2009): 
Model I. Unadjusted CG estimates:  
ADGijkl = + Sexi + Animalj + CGk + Litterl + eijkl 
Model II. CG estimates adjusted for MinT: 
ADGijkl = + Sexi + MinT + s(MinT) + Animalj + CGk + Litterl + eijkl 
where ADG was defined for the jth animal from the kth birth month-year CG, and lth Litter; is the 
overall mean across all animals. Both models contained the fixed effect of ith Sex (2 levels), and the 
random effects of CG, Animal as the additive genetic effect, Litter as the common litter environment, 
and eijkl as residual effect unique for each observation. For Model II, the average minimum monthly 
air temperature of test month (MinT) was fitted as a random cubic smoothing spline, denoted as s(), 
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and also as a linear covariate as a fixed effect, where  is the regression coefficient of MinT. The 
CG estimates unadjusted for climatic effects (Model I) are assumed to capture all known and 
unknown challenges in the environment, while the CG estimates adjusted for MinT (Model II) can 
be seen as a measure of environmental challenges other than climatic effects captured by MinT. 
 The last three environmental descriptors examined were derived in Chapter 8 of this thesis 
(Guy et al. 2017b). The CG estimates adjusted for MinT (from Model II above) were decomposed 
into the trend, seasonal, and residual time series components using seasonal-trend decomposition 
based on locally weight regression (STL). The 'stl' function in R (R Core Team 2016) was used. The 
locally weighted neighbourhood window to extract the seasonal component parameter was set to the 
mean (defined as 'periodic'), the locally weighted neighbourhood window to extract the trend 
component was set to a lag of 25, and the degree of the locally-fitted polynomials to extract the 
seasonal and trend components was set as linear. This empirical technique provided values for the 
long-term trend component, short-term perturbations as the residual component, and a seasonal 
component.  Although these is possible confounding, the trend and residual components, together and 
individually, can be seen as a measure of the environmental challenges other than seasonal effects.  
The summary statistics for these five environmental descriptors examined in this study are 
summarised in Table 9-2.  
 
Table 9-2. Summary statistics of the five environmental descriptors* based on contemporary 
group (CG) estimates of average daily gain (g/day), unadjusted and adjusted for minimum 
monthly temperatures (MinT), and from decomposed time series components 
 
Environmental descriptor based on CG estimates Mean Range SD 
Unadjusted -4.6 -47.6 to 33.18 19.7 
Adjusted for MinT -3.6 -29.1 to 18.8 13.3 
Decomposed trend component -3.3 -18.8 to 6.2 8.5 
Decomposed residual component  0.8 -32.9 to 33.6 11.9 
Decomposed trend +  residual component -2.5 -27.0 to 26.3 14.9 
* derived in Chapters 7 and 8 of this thesis (Guy et al. 2017a; Guy et al. 2017b) from between September 2010 and December 2013 
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The frequency of medication records for growing pigs was compared to the five environmental 
descriptors based on CG estimates described above. Only the years from which both CG estimates 
and medication records were available were used, which was between 2011 and 2013. Pearson's 
correlations were used to determine the strength of the linear relationship between the frequency of 
monthly medication records for growing pigs and the five definitions of the environment based on 
CG estimates of ADG.  
 
RESULTS 
Analysis I. Characterisation of health challenges using medication records 
The number of medication records available for each shed and the reasons for medication are 
presented in Figure 9-1. The majority of the medication records were taken from the farrowing shed 
(46%), followed by grower shed (22%). There were approximately equal number of records taken at 
the dry sow, detection mating area (DMA), weaner and porker sheds (6-8%). There were very few 
medication records from the gilt shed and records of medicated piglets still on the sow (1-2%). 
 
 
Figure 9-1. Percentage of medication treatment reasons across dry sow, detection mating area 
(DMA), gilt, farrow, piglets in farrowing shed, weaner, porker and grower sheds between 2011 
and 2016 (n = 2,854). 
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Overall, most common reason for medication for this herd was due to farrowing issues (44%), 
followed by tail bite (22%), issues with feet and legs (categorised as lameness) (11%), generally 
unwell (10%), other ailments (10%), scours (3%) and skin conditions (1%). The number of pathogen-
specific health challenges in this herd were low and were included in the 'Other' category.  
The health challenges were not consistent across sheds (Figure 9-1). For sows, the most 
common reason for medication was issues associated with farrowing and lameness issues. For the 
piglet still on the sow, the most common issue was scouring. Meanwhile, for the weaner, porker and 
grower shed records combined, the reasons for medication treatments indicate that the dominant 
health challenge in this herd was due to tail bite (n = 480), followed by "generally unwell" (n = 85), 
issues involving feet and legs (n = 85), and skin conditions (n = 60). All other health challenges were 
recorded less than 25 times over the 5.5 year period. 
The number of medication records was also not consistent across time. Figure 9-2 shows the 
number of medication treatments recorded each month for the DMA, dry sow, farrow, grower, porker 
and weaner sheds.  
 
Figure 9-2. Number of monthly medication treatment records in the detection mating area 
(DMA), dry sow, farrow, grower, porker and weaner sheds between January 2011 and April 
2016 (n = 2,760). 
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Farrowing sheds having the highest frequency of medication records each month (green line). While 
there was no consistent seasonal pattern in the medication frequencies across years and across the 
different sheds, there were sudden increases in the number of medication records during some 
months. In particular, this is seen for the grower medication records in June 2012, July 2014, May 
2015 and July 2015. During these peaks, there were more medication records taken in grower sheds 
(blue line) compared to farrow shed (green line). This may be related to possible air quality issues in 
winter months, as sheds may be less ventilated in an attempt to keep warmth in.   
 
Monthly prevalence of medication 
In order to calculate the monthly prevalence of medication, the date of birth, or at least the month of 
birth, of the medicated pigs needed to be known. This required the pig identifications (IDs) in the 
medication records to align with the IDs in the pedigree and production records, which was not always 
possible (Table 9-3). Therefore, the number of repeated medication treatments or health events could 
not be characterised accurately. Nevertheless, from the 2,854 medication records, there were 1,505 
individual pigs and sows that were aligned to pedigree and production records. There were 1,354 pigs 
and sows that were medicated only once, while 151 were medicated in more than one shed. Sows 
were medicated between one to six times in the farrow shed, while the maximum number of times 
any pig was medicated in the other sheds was three times. On average, each sow had 1.6 medication 
records in the farrowing shed, while there was only approximately one record per pig in the other 
sheds.  
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Table 9-3. Number of medication records where animal identifications aligned in the pedigree 
and production records, the number of pigs medicated in each shed, and average number of 
records per pig 
 
Shed 
Number of medication records 
Number of pigs 
matched in records 
Average number 
of records per 
pig Matched Unmatched Total 
Farrow 893 417 1310 565 1.6 
Grower 551 65 616 517 1.1 
Dry sow 154 77 231 133 1.2 
Weaner 177 41 218 172 1.0 
Detection mating 
area (DMA) 
146 61 207 125 1.2 
Porker 148 30 178 142 1.0 
Piglet 2 59 61 2 1.0 
Gilt 22 11 33 21 1.0 
 2093 761 2854   
 
The monthly prevalence of medication is reported for only the growing pigs that were medicated in 
the weaner, porker and grower sheds. There were 812 IDs of medicated pigs that aligned with IDs of 
pigs recorded in the pedigree.  
The distributions of the medication prevalence differed depending on the pedigree used to 
quantify the number of pigs on-farm each month (Figure 9-3). Using the reduced pedigree from 
performance recording, the medication prevalence was highly positively skewed, and ranged from 
1.7% to 58.0% of pigs medicated per month, with a median of 7.5%. Use of the full pedigree, 
constructed using litter records, resulted in monthly medication prevalence estimates ranging from 
0.15% to 10.9%, with a median of 2.2%. 
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Figure 9-3. Distribution of monthly prevalence of medication of pigs (%) born between October 
2010 and March 2016, using the reduced pedigree (n = 8,835) and full pedigree (n = 22,164). 
 
Analysis II. Genetic parameters for health of the growing pig 
The second objective of this study was to estimate genetic parameters for health of the growing pig 
using medication records. As described above in Analysis I, there were 812 pigs that were medicated 
in the weaner, porker and grower sheds. The other pigs that were born during the same time period 
as the medicated pigs, but assumed to have not have been medicated, were the remaining pigs in 
either the reduced pedigree (n = 8,835) or full pedigree (n = 21,164).  
For the health trait defined by medication status, the estimated intercept was higher using the 
reduced pedigree. This reflects the estimated prevalence using the two pedigrees (Table 9-4). 
However, the risk factors and their direction were the same. The number of post-weaning deaths 
increased the odds of medication, estimated at 1.20 per death using the reduced pedigree, and 1.36 
using the full pedigree. That is, in this herd, litters with higher number of post-weaning deaths were 
more likely to be medicated. Using the reduced pedigree, the estimated odds of a female pig being 
medicated was 0.61 times compared to a male pig.  
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Table 9-4. Fixed effect estimates1 and (95% confidence interval, CI) for health defined by 
medication status, derived using a reduced pedigree (Reduced) and full pedigree (Full) 
 
 Intercept Sex2 Post-weaning deaths 
Reduced 0.11 (CI: 0.08, 0.15) 0.61 (CI: 0.51 , 0.73) 1.20 (CI: 1.04, 1.37) 
Full 0.03 (CI: 0.03, 0.04) - 1.38 (CI: 1.21, 1.57) 
1 reported as odds for intercept, and odds ratios for sex and post-weaning 
2 male as reference level 
 
The genetic parameter estimates were consistent using both pedigrees (Table 9-5). Heritability on the 
underlying liability scale was estimated at 0.06 ± 0.04 using the reduced pedigree, and 0.04 ± 0.03 
using the full pedigree.  
 
Table 9-5. Genetic parameter estimates1 for health (on the underlying liability scale) defined by 
medication status, derived using a reduced pedigree (Reduced) and full pedigree (Full) 
 
 2ˆ A  
2ˆ
CG  
2ˆ
P  
2ˆ
  
2hˆ  
2cˆ  
Reduced 0.21 (0.17) 1.03 (0.21) 3.68 (0.19) 3.29 0.06 (0.04) 0.09 (0.03) 
Full 0.17 (0.14) 0.38 (0.10) 4.07 (0.12) 3.29 0.04 (0.03) 0.18 (0.02) 
1 2ˆ A = additive genetic variance, 
2ˆ
CG  = contemporary group variance, 
2ˆ
P  = phenotypic variance, calculated as the 
summation of the sire genetic variance, common litter variance and residual variance, 2ˆ   = residual variance, 
2hˆ  = 
heritability estimate, 
2cˆ  = common litter effect 
 
Post-weaning survival as a trait of the sow reflects the maternal genetic component for post-weaning 
survival, which is a breeding objective trait. When post-weaning death was excluded from the model, 
the estimated heritability for health remained stable (
2hˆ = 0.06 ± 0.05). Therefore, this suggests that 
post-weaning deaths in a litter do not account for genetic variation in health as a trait of the growing 
pig, but are rather an independent risk factor to medication status.  
Since the entire litter was represented in the full pedigree, use of the full pedigree provided a 
larger common litter effect and a reduced CG variance component compared to use of the reduced 
pedigree. The CG variance component accounted for 0.28 ± 0.06 of the phenotypic variance using 
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the reduced pedigree, compared to 0.08 ± 0.02 of the phenotypic variance using the full pedigree. 
Nevertheless, the proportion of variability attributed to the environment of litters and the environment 
of CGs was greater than the proportion of variability attributed to the additive genetic variance. This 
indicates that more variation in health is explained by non-genetic effects than genetic effects.  
To compare the use of the two pedigrees, the health EBVs of sires that had a minimum of 100 
progeny were examined. The EBVs from the reduced pedigree and the EBVs from the full pedigree 
had a Pearson’s correlation of 0.74.  
In separate models to evaluate the association between health and the genetic merit for growth, 
a 10 g/day increase in the EBV for growth was estimated to decrease the odds of medication by 8% 
using the reduced pedigree (odds ratio = 0.92), and by 4% using the full pedigree (odds ratio = 0.96). 
This indicates that animals with higher EBVs for growth are less likely to be medicated.  
 
Analysis III. Validation of environmental descriptor based on contemporary group estimates with 
challenges described by medication records  
Five environmental descriptors based on CG estimates of ADG were examined. These five 
environmental descriptors were derived using data between May 1999 and December 2013. However, 
medication records were only available from January 2011 and April 2016. Therefore, the time period 
where both contemporary group estimates and medication records were available were between 
January 2011 and December 2013. 
The medication frequency was quantified as the number of growing pigs born in each birth-
month CG which were medicated, in either the weaner, grower or porker sheds. Figure 9-4 shows the 
quality of environment over time as described by the five environmental descriptors and the 
medication frequency. 
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Figure 9-4. The number of medicated growing pigs that were born in each birth-month 
contemporary group (CG) and quality of environment as described various environmental 
descriptors (Guy et al. 2017a; Guy et al. 2017b). 
 
The environmental descriptor based on the unadjusted CG estimates had the strongest negative linear 
relationship with the medication frequency (r = -0.29) (Table 9-6). The nature of this relationship is 
shown in Figure 9-5.  The medication frequency of growing pigs were also negatively correlated with 
other four environmental descriptors.  
 
Table 9-6. Pearson's correlations between medication frequencies and the five environmental 
descriptors*, based on contemporary group (CG) estimates of average daily gain (g/day), 
unadjusted and adjusted for minimum monthly temperatures (MinT), and from decomposed 
time series components 
 
 
Unadjusted 
Adjusted for 
MinT 
Decomposed 
trend 
Decomposed 
residual 
Decomposed  
residual + trend  
Medication 
frequency 
-0.29 -0.19 -0.17 -0.12 -0.20 
*(Guy et al. 2017a; Guy et al. 2017b) 
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Figure 9-5. The relationship between quality of environment, quantified through contemporary 
group (CG) estimates of ADG, and the frequency of medication of pigs born in that CG (r = -
0.29). 
 
 
DISCUSSION 
This study investigated the use of producer-recorded medication records to provide insight into the 
health challenges experienced in a pig herd. A simple health trait of the growing pig was defined for 
genetic analysis using these medication records. Further, the relationship between environments 
quantified through CG estimates of growth and infection challenges characterised by medication 
records was investigated.  
 
Characterisation of health challenges using medication records  
The first objective of this study was to describe the health challenges experienced by a pig herd using 
medication records. In this herd, the main reason for medication treatment of growing pigs in the 
weaner, porker and growing sheds was due to tail bite. The 'generally unwell' symptoms may have 
been caused by undiagnosed pathogenic agents, and this may not be known unless clinical laboratory 
testing is conducted. There was no additional information in these medication records to indicate that 
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these 'generally unwell' health challenges were caused by an infection challenge. It must also be 
acknowledged that the information provided by medication records may be difficult to interpret as 
there are complex interdependencies between health challenges and multiple ailments can be 
exhibited. Nevertheless, these medication records indicate that there have been minimal pathogenic 
challenges in recent years, and hence this herd can be classified as a high-health herd.  
The use of medication records relies on the producer's ability to firstly recognise that there is a 
health issue, then the producer's ability to correctly identify the issue at hand. Medication treatments 
administered by a veterinarian or staff trained to correctly identify health disorders may improve 
identification of the health challenges. Since medication treatments are routinely recorded for quality 
assurance programs, these records also have the potential to be used for monitoring the health status 
of the farm, and to take stock of medication supplies and their associated costs. However, medication 
records are often hand-written and entered by various farm managers, resulting in inconsistencies 
with the health challenges recorded. Recording medication treatments electronically, with 
standardisation of health challenge categories will improve use of these records.  
The electronic recording of medication treatments also extends to the identification of pigs 
electronically. The incidence of health challenges was estimated using pedigree and performance 
records, which provide an indication of the number of growing pigs in production during a period of 
time. The pigs that were considered as 'controls' were the pigs that had a performance record but no 
medication record. However, these control pigs also included any medicated pigs whose IDs could 
not be aligned with production records. Therefore, the reported incidence of medication reported may 
be an underestimate. The use of electronic ID and direct linkage of medication records to herd 
performance databases will reduce errors in data entry, and increase accuracy in estimation of 
medication incidence. In turn, this may enable better estimation of the genetic source of variation in 
health, facilitating the inclusion of health aspects in genetic improvement programs.  
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Medication prevalence was estimated using two pedigrees, which were used to quantify the 
number of pigs on-farm at any point in time. Since not all pigs that were on-farm were taken into 
account in the reduced pedigree, the medication prevalence calculated using the reduced pedigree is 
an overestimation. On the other hand, since the full pedigree was derived using numbers weaned and 
dummy IDs had to be created, there may have been medicated pigs that could not be aligned to the 
full pedigree. Therefore, the measure of medication prevalence using the full pedigree may be an 
underestimation. Nevertheless, since the full pedigree presents a more precise measure of the total 
number of pigs on-farm each month, use of the full pedigree provides a more accurate estimate of 
medication prevalence compared to using the reduced pedigree.  
 
Health trait of the growing pig 
The second objective of this study was to estimate genetic parameters for health of the growing pig. 
Medication records taken on-farm, as well as observations on carcases, have been proposed as simple 
ways to define health, and estimate genetic parameters. These health traits have been defined as a 
simple binary trait of absence/presence of disease or health incident. In pigs, Henryon et al. (2001) 
used medication treatment records to derive a disease resistance trait. This health trait was defined by 
the number of days from the start of performance test until first treatment and diagnosis of a clinical 
or subclinical disease, and was estimated to have a heritability of 0.10. To our knowledge, there have 
been no other studies in the pig that have quantified health status as a simple binary trait 
(presence/absence) using medication records. However, this binary definition of health has been used 
widely in other species. Examples include farmer-reported health events dairy cattle, where the 
heritability of the overall disease trait was estimated at 0.02 ± 0.004 (Abdelsayed et al. 2017). In 
rabbits, the heritabilities ranged from 0.011 ± 0.002 for digestive syndromes to 0.043 ± 0.004 for 
infectious mortalities, using visual assessment of disease syndromes in carcasses (Gunia et al. 2015). 
Although these heritabilities in the current study are generally low, there is still evidence of genetic 
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variation in the trait. Since health defined in our current study was estimated to have a higher 
heritability than health traits in other species, selective breeding for good health of pigs may be 
possible, even using a simple measure of absence/presence of a health incident or medication status.  
Health, defined as medication status, was analysed using a reduced pedigree and a full pedigree. 
Genetic parameter estimates were consistent using both pedigrees. While the use of a full pedigree 
provides a more accurate estimate of medication prevalence, the reduced pedigree available through 
performance recording may be sufficient to derive genetic parameter estimates for health. Further, 
the Pearson’s correlation between sire EBVs from the reduced pedigree and the sire EBVs from the 
full pedigree of 0.74 provides an underestimation of the genetic correlation (Calo et al. 1973). This 
indicates that the health trait analysed using the two pedigrees are the same trait. Therefore, while use 
of a full pedigree provides a more accurate estimate of medication prevalence, the reduced pedigree 
available through performance recording may be sufficient to derive genetic parameter estimates for 
health.  
While there appears to be limited genetic variation in the health trait defined through medication 
status for this herd, there was evidence that sires varied in the number of progeny that were medicated. 
Sires had on average 60 progeny, with an average of 6 (10%) that were medicated. Examining the 26 
sires that had a minimum of 100 progeny, there were between 3.5% and 24.3% progeny medicated.  
The association between higher EBVs for growth and lower odds for medication supports the 
use of growth as an indirect indicator for health. The association between health challenges and 
growth traits has been well demonstrated in the pig, and has been shown across various types of 
challenges in a meta-analysis by Pastorelli et al. (2012). Growth also has the advantage of capturing 
response to subclinical infections which may not be directly observable (Clapperton et al. 2009).  
Health was defined as medicated or not medicated, regardless of the number of times they were 
medicated. This was decided since there were not many growing pigs that were medicated more than 
once, and the maximum number of times was 3 times. However a piggery of lower health status may 
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have a greater rate of repeated medication treatments. If there are sufficient pigs that were treated 
more than once, a health trait can also be defined as the number of separate health incidences per pig. 
In turn, whether the subsequent treatments are separate health incidences needs to be determined. The 
minimum period between repeated treatments before the next treatment occurrence can be considered 
a separate disease case can vary with each disease (Stevenson 2000). For example, Abdelsayed et al. 
(2017) allowed for a minimum of 7 days for mastitis and metabolic disorders before a second 
treatment was considered a separate health event. On the other hand, a minimum of 14 days was 
allowed for lameness, reproductive, and miscellaneous disorders. While this was not required for this 
herd since there were limited repeated treatments, this is a consideration for other herds with repeated 
medication treatments. This may also be a consideration if a health trait of a sow was derived using 
medication status, since they were be medicated more frequently.  
 
Contemporary group estimates of growth as proxy for environmental infection challenges  
The third objective of this study was to use medication records to assess the extent to which infection 
challenges are captured in contemporary group estimates for growth.  There were weak to moderately 
strong negative relationships between the environmental descriptors based on CG estimates of ADG 
and the corresponding medication frequency of pigs born in that CG. This means that as the quality 
of environment described by CG estimates for growth increase, the frequency of medication 
decreases. This suggests that all environmental descriptors derived in Chapters 7 and 8 appropriately 
describe the quality of environment in terms of health challenges. However, the best descriptor 
appears to be CG estimates unadjusted for other effects. While seasonality challenges may have been 
partitioned from other challenges captured in CG estimates, the strength of the unadjusted CG 
estimates supports the complex interdependency, and possible cumulative effects, of challenges that 
pigs may encounter.  
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A proxy measure of infection challenge of porcine respiratory and reproductive syndrome 
(PRRS) through CG estimates of reproductive traits has been demonstrated by Lewis et al. (2009). 
This proxy has been used for the identification of disease outbreaks and has been validated for PRSS 
challenge loads through molecular diagnosis (Mathur et al. 2014). These measures of PRSS challenge 
load have been used to estimate variation in sow response to PRRS outbreaks (Rashidi et al. 2014) 
and to identify the most resilient and sensitive animals to PRRS (Herrero-Medrano et al. 2015). While 
this proxy measure is available for a specific disease with a marked effect on the reproductive 
performance of sows, the performance of growing pigs when faced with a range of non-specific and 
endemic infectious challenges for a more generalised disease resilience has not as yet been 
investigated.  
The ability to measure disease resilience for this herd using these records is limited due to the 
minimal pathogenic challenges experienced in this herd. This is because the majority of these 
challenges were not caused by infectious agents. Therefore, the G×E analysed in Chapters 4 and 7 of 
this thesis do not describe disease resilience per se. In order to be able to better define disease 
resilience, this requires sufficient incidents of infection challenge caused by pathogenic agents. 
Nevertheless, as the quality of environments described by CG estimates increases, the pigs tend to be 
less medicated. Therefore, the robustness of sire lines against overall environmental challenges can 
be evaluated using this approach.  
 
CONCLUSIONS 
The ability to measure disease resilience using medication records for this herd was restricted due to 
the minimal pathogenic challenges experienced in this herd. Nevertheless, environmental descriptors 
based on contemporary group estimates of growth still provide a measure of the overall health 
challenges experienced by pigs, and the robustness of sire lines can be evaluated. This study 
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highlights the use of medication records to provide insight into the health status of a herd, and its 
potential use for the genetic improvement of health in growing pigs. There was evidence of genet ic 
variation, even in this high-health herd. Therefore, selection for good health may be possible through 
evaluating health using the current pedigree available from performance recording and medication 
treatment records. While there were positively correlated responses between growth and health traits, 
selection for growth alone is not sufficient. Health defined using simple medication records will 
supplement the benefits of genetic improvement of growth, and provide additional information for 
pig breeding programs.  
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The primary objective of this thesis was to define and propose a method to quantify the traits of 
disease tolerance and disease resilience in the pig. The main data source explored were the standard 
production records routinely collected on Australian commercial piggeries, which were already being 
used for routine genetic evaluations. Other data examined included on-farm medication treatment 
records and open-source climatic information. It was hypothesised that these data are useful in 
quantifying disease tolerance and disease resilience in the growing pig for the genetic improvement 
of health, and that selection criteria for these traits will be able to be defined.  
This chapter discusses important considerations for the evaluation of disease tolerance and 
disease resilience which arose from thesis investigations. Firstly, the importance and benefits of 
disease resilience are outlined. Then, aspects of how the challenges in environments are quantified 
are discussed. Following from this, considerations for how only infection challenges in environments 
are discussed. The various methods used to assess genetic variation in response to environmental 
trajectories are then evaluated. Alternative selection strategies for the genetic improvement of health 
in the growing pig are discussed. Lastly, the research implications and recommendations for the 
Australian pork industry are outlined, which will enable selection for not only productivity, but also 
for health and welfare.  
 
10.1 HOST DEFENCE MECHANISMS 
As part of the first research question of this thesis, the differences between the host defence 
mechanisms of disease tolerance, resilience and resistance were discussed in Chapters 2 and 3. While 
the initial focus of this thesis was on disease tolerance, a true measure of this host defence mechanism 
requires measures of internal pathogen burden (Doeschl-Wilson et al. 2012). Therefore, the existing 
performance records that are currently routinely collected on-farm are not sufficient to model and 
quantify disease tolerance. This justifies the focus of thesis investigations shifting to disease 
resilience.  
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While selection for disease resistance can appear to be the first choice in selection for health 
and preventing disease, the implementation of disease resistance selection strategies in the pig have 
been sparse (Reiner 2016). To date, commercial breeding programs are selecting for disease 
resistance against only Escherichia coli (Gibbons et al. 1977). This may be because disease resistance 
is limited to specific, short-term pathogenic challenges that require active responses to combat the 
infection. Meanwhile, disease resilience provides added benefits in selection for health over disease 
resistance as it involves passive and non-specific immunological responses to longer-term challenges. 
In addition to this, the responses exhibited to one challenge is likely to be correlated with the response 
to alternative challenges, referred to as the ‘resilience syndrome’ by Colditz and Hine (2016). 
Therefore, selection of disease resilience compared to disease resistance has the added benefit of 
improving response to a range of non-specific infection challenges. 
The necessity to completely understand the mechanisms responsible to combat disease is 
questioned. Indeed, the selection of only one defence mechanism may have distinct evolutionary 
consequences for the host and pathogenic populations. However, the definition of disease resilience 
that incorporates both resistance and tolerance is such a strategy that may balance out the 
consequences of selection for only one defence mechanism. In reality, disease resistance, disease 
tolerance and disease resilience may not be completely distinguishable. Further, these host defence 
mechanisms may not be independent of each other. Providing that the disease resilience trait is 
defined, the trait exhibits genetic variability, and there are high correlations between selection criteria 
and breeding objective traits, selection for disease resilience can be seen as the safest host defence 
mechanism to select for because it makes use of both host defence mechanisms of disease resistance 
and disease tolerance.  
Any approaches taken to quantify disease resilience in research should be practical, cost-
effective and realistic for on-farm application. It is unnecessary to routinely assess disease resilience 
through experimental procedures, whereby pigs are directly exposed to a specific infection challenge 
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that they are not already exposed to naturally on-farm. Controlled experiments are not always 
feasible, are costly, and research outcomes are not always translatable or directly applicable to 
commercial herds or breeding programs. Further, the exposure of specific pathogens to animals has 
its welfare and production concerns. Although there are advantages and disadvantages to using 
production records as observational data to infer causal effects (Rosa & Valente 2013), practical 
approaches are required if selection for disease resilience is incorporated in routine genetic 
evaluation.  
As discussed in Chapter 3, disease resilience has been defined to reflect the ecological use of 
the resilience term, which involves assessment of the ability to recover and return to original state 
after a challenge. Disease resilience should be evaluated on-farm during a routine husbandry 
procedure, involving physical or social stressors (Colditz & Hine 2016). Weaning is an appropriate 
challenge that can elicit enough stress to potentially compromise performance. To quantify disease 
resilience using the definition involving the dimension of time, measures of performance before a 
challenge should be taken to establish a baseline measure of performance. Subsequent measures of 
performance are required during and after the challenge. In reality however, repeated measures before 
and after on-farm procedures are not always available. Therefore, a more realistic definition and 
approach to quantifying disease resilience was taken in this thesis. Existing data structures available 
on-farm were used to evaluate performance in response to environmental infection challenge, using 
a genotype by environment interaction (G×E) approach.  
In our approach to evaluate disease resilience, measures of productivity as the outcome variable 
were required. Growth as a measure of productivity measure was assessed in this thesis as it is readily 
available and an easy-to-record trait in a commercial setting. An additional measure of productivity 
that can be explored is feed intake, where low feed intake can be seen as good efficiency or high 
productivity. However, low feed intake can also be due to anorexia caused by challenges periods, in 
particular during infection challenges (Pastorelli et al. 2012). In order to appropriately use feed intake 
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as a productivity measure, a baseline for each individual, or contemporary group, must be initially be 
established. The deviations from the baseline must then be evaluated as an indication of productivity. 
Since these feed efficiency measures are difficult and costly to measure, it is recommended that 
growth be used as the main measure of productivity for the routine evaluation of disease resilience.  
The ability to select for robustness against infection challenges through the trait of disease 
resilience is appealing due to the promise of reduced use of medication, and improved health and 
welfare. However, it is naïve to believe that the challenges experienced by livestock are independent 
from other challenges. Challenges are cumulative, and once there are sufficient stressors to reach a 
tipping point, a biological system can fail to cope (Moberg, 2000). Agricultural systems in general 
can be seen to be robust to both ordinary and occasional disturbances, yet are vulnerable and unable 
to cope with the unexpected (de Goede et al. 2013). This ‘robust yet fragile’ concept (Doyle 2010) 
highlights the need for a systems approach to the genetic improvement of health (Hermesch 2014). 
Disease resilience has become a hot new research topic, with several investigations currently 
underway worldwide. Future investigations must be consistent with trait definitions, and the 
distinction between disease resilience, disease tolerance, disease resistance and robustness must be 
acknowledged. In addition to this, a systems approach involving a range of natural disease challenges 
must be taken for the genetic improvement of health and welfare.  
 
10.2 QUANTIFYING THE ENVIRONMENT 
The first research theme of this thesis focused on how the challenges in the pig environment are 
quantified using routinely collected records. It has been argued that for the evaluation of genotype by 
environment interaction (G×E), it is preferable for the environment to be known or identifiable 
(termed as the macro-environment) compared to derived measures (micro-environment) (Mulder et 
al. 2006). Macro-environments, including temperature, nutritional level and infection challenges, are 
assumed to be known without error. Otherwise the assessment of G×E through random regression 
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models have been shown to underestimate the genetic variation of the slope (Calus et al. 2004). 
However, evaluation of G×E of macro-environment assumes that there are no challenges other than 
this one specific environmental challenge i.e. the challenges are independent. This may be the case 
in laboratory investigations, but as highlighted above, unlikely for livestock on-farm. Therefore, the 
first research theme focused on quantifying the overall environmental challenges of the pig (including 
their interactions), using contemporary group estimates of various performance traits.  
The quantitative measure of the overall challenges within an environment through mean 
phenotypes of groups originated in a plant breeding framework by Finlay and Wilkinson (1963), and 
has been used across multiple studies in livestock. Environmental descriptors based on contemporary 
group estimates should be used with caution if performance records contain only a subset of animals 
that are on-farm. If animals that are performance recorded are pre-selected, these records will not be 
a representative sample of the other animals on-farm, this may result in a bias in the contemporary 
group estimates. Therefore, environmental descriptors based on contemporary group estimates ideally 
should be recorded on a representative sample of all the animals in that contemporary group. 
An additional consideration when using information from multiple phenotypes is the number 
of records across all traits of interest. In order to combine information from multiple sources, this 
ideally required animals to have records across all traits. Environmental descriptor based on 
contemporary groups can be easily derived for single traits, even if observations are missing for some 
contemporary group members. If only a small subset of animals are measured for these traits, this 
limits the ability to combine information from multiple traits. For example, contemporary group 
estimates of juvenile insulin-like growth factor (Bunter et al. 2005) was investigated in this thesis. 
However, not all animals were measured for this trait, and there were insufficient animals in each 
contemporary group to estimate group effects. This again emphasises the need for records on all traits 
of interest, from a representative subset of all the animals in that contemporary group.  
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Contemporary group estimates as environmental descriptor may encompass genetic trends, and 
relies on re-using the same data and trait which is being analysed. Although these estimates are 
adjusted for any systematic and genetic effects, the independent variable (environmental predictor) is 
ultimately derived from the dependent variable (performance response).  Ideally, a more independent 
measure of the environmental conditions is required, such as information on management, climate, 
and alternative phenotypes or production traits. In particular for disease resilience, this can include 
independent measures of infection challenges, pathogen loads or health measures. These measures 
are further outlined in Section 10.3 Quantifying infection challenges.  
 
Contemporary group estimates on which phenotype?  
As part of the second research question, Chapters 4, 5 and 6 of this thesis demonstrate that 
contemporary groups based on different traits capture different aspects of the environment. Therefore, 
this warrants use of multiple traits to quantify the environment. Principal component analysis was 
explored to combine information from multiple traits, under the premise of capturing the maximum 
variation of contemporary group estimates from all traits.  However, this methodology is beneficial 
only if traits are highly correlated. If there is sufficient data and the structure to support the model, an 
alternative method to incorporate information from different traits is the use of multiple 
environmental descriptors in the model to assess G×E (such as in Li and Hermesch (2016)). Other 
methodology that may be explored to combine information about the environment from multiple 
sources, included canonical correlation analysis (Haskell et al. 2007), factor analysis and cluster 
analysis (Weigel & Rekaya 2000). More research is needed to understand how information from 
different traits can be used simultaneously, and also what different aspects of the environment each 
trait capture. This will also aid in the biological interpretation to contrast the different traits.  
For the assessment of G×E for growth, it can be argued that contemporary group estimates of 
growth as the predictor variable is not a measure that is truly independent from the outcome variable. 
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However, the ability to detect G×E through sire by environment interaction models for growth was 
greatest when the environment was defined through growth for two herds in Chapters 5 and 7 (Table 
10-1).  The range in environments highlights the environmental variation quantified by each trait 
within each herd. While the differences between models are further discussed in the Section 10.4 
Response of genotypes to variation in environments, there was no one trait that was consistently 
superior to use. However, the proportion of interaction that attributed to the phenotypic variance was 
fairly consistent across both herds (~ 2%). Growth and backfat are production traits that are routinely 
collected, and clearly describe different aspects of the environment. It is recommended that 
contemporary group estimates of both phenotypes should be explored, and the ideal trait may be on 
an individual herd basis.  
 
Table 10-1. Use of environmental descriptors based on various performance traits which were 
most able to detect variation in response to differences in environment for corresponding 
models and the range of environments quantified by each trait with each herd  
 
Herd Model Environmental 
descriptor 
Range in 
environments  
1 Multi trait (Chapter 4) Backfat 2.5 mm 
1 Sire by environment interaction (Chapter 7) Growth 122.5 g/day 
2 Sire by environment interaction (Chapter 5) Growth 110.1 g/day 
2 Reaction norm (Chapter 6) Backfat and muscle depth 3.84 mm and 
1.55 mm 
 
Another consideration is the period of time that the phenotypic trait captures, and how this coincides 
with the time periods used to define contemporary groups. Production traits may vary over time in 
different ways, and some time periods used to define contemporary group may be more appropriate 
for some traits, but not others. Ideally, the traits should be measured over the same period of time. 
Alternatively, the definition of the contemporary group may have to change accordingly for each trait.  
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Defining contemporary groups  
There are multiple considerations that need to be taken into account when quantifying the 
environment through contemporary group estimates. First and foremost, the definition of a 
contemporary group needs to reflect the managerial environment and production system. This may 
be difficult if management groups consistently change. Management groups may also differ across 
different herds. If management information is not known, the time period where animals are most 
likely kept together sufficiently long enough are at birth or at test. Alternatively, management groups 
can be defined by the producers themselves, and should reflect the time period leading up to the 
measurement of production traits.  
A sufficient number of members within each contemporary group is also required for accurate 
estimates of contemporary group effects. Larger groups will produce estimates with lower standard 
errors. This was shown by Li and Hermesch (2015), where contemporary group estimates of growth 
and backfat had smaller standard errors if contemporary groups were defined on a monthly basis, as 
opposed to a weekly basis. It may therefore be challenging to quantify the environment of smaller 
herds. In this thesis, a sufficient contemporary group size was decided according to the distribution 
of contemporary group sizes for each herd, and any contemporary groups that were deemed too small 
were not included in analysis. This minimum size requirement can be seen as an arbitrary figure and 
unique for each herd. An approach to avoid this loss of information from smaller contemporary 
groups is to combine contemporary groups. However, this is not ideal as this may inadvertently 
combine animals that are in distinct environments. Small contemporary groups may still be included 
in the initial models to estimate the contemporary group effects, since the inclusion of these groups 
increase the residual degrees of freedom and help reduce the standard errors for the contemporary 
groups that do have sufficient numbers. The process to evaluate whether a contemporary group has a 
sufficient number of members is still often subjective and based on the available data. A more 
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stringent way to define contemporary groups is needed, and input should be provided from the 
producer so as to best reflect production. 
Contemporary group sizes can be further explored as a measure of environmental variability, 
especially for a production system that aims to have consistent output over time. The variability in 
contemporary group sizes (through herd size) as environmental descriptors has been explored in 
multiple studies of for dairy cattle (Fikse et al. 2003; Zwald et al. 2003; Bryant et al. 2007). Provided 
that there are no systematic reasons for these fluctuations and the number of pigs on-farm are 
accurately recorded, changes in contemporary group sizes may be an indication of issues that occur 
in that period of time and should be further explored in deriving an environmental descriptor.  
 
10.3 QUANTIFYING INFECTION CHALLENGES IN THE ENVIRONMENT 
Contemporary group estimates are assumed to capture all the known and unknown environmental 
challenges experienced. The second research theme of this thesis addresses the third and fourth 
research questions, which questions how well contemporary group estimates capture possible 
infection challenges, and how the challenges captured by this overall measure of environmental 
challenges can be separated.  
Ideally, direct measures of environmental infection challenge are required for the evaluation of 
disease resilience, along with a measure of other simultaneous challenges experienced. Direct 
measures of infection challenges in the environment can be either environmental based or animal 
based measures. Environmental-based measures include quantification of airborne pathogens within 
sheds (Corzo et al. 2013) or swabs of surfaces on-farm (Julich et al. 2016). Although proof of 
concepts have been provided, these technologies to quantify infection challenge based on 
environmental-based measures have not yet been implemented for routine use in commercial 
piggeries. Therefore, use of environmental-based measures of infection challenge for the evaluation 
of disease resilience is currently limited. 
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Animal-based measures of infection challenge include quantitative polymerase chain reaction 
(q-PCR) of swab samples taken from the animal, measures from blood and saliva such as haptoglobin 
(Sales et al. 2015), performance records (Lewis et al. 2009), and also the medication records as 
investigated in this thesis. Animal-based measures of infection in the environment vary in how 
informative they are about the infection challenges within an environment (Table 10-2).  
 
Table 10-2. Record availability and level of information provided about infection challenges 
within an environment using animal-based data. 
 
Number of 
records 
Measurement type Level of 
information  
Low 
 
 
 
High 
Quantitative polymerase chain reaction High 
 
 
 
Low 
Blood + saliva 
Medication records 
Performance 
 
Animal-based measures using q-PCR from swabs, blood and saliva samples provide an internal 
measure of pathogen load. Provided there are repeated measures on individual animals (Doeschl-
Wilson et al. 2012) and there is also a performance measure when the individual is not infected 
(Lough et al. 2017), these measures can be used for the evaluation of disease tolerance. Just as with 
environmental-based measures of infection challenge, while there have been great advancements in 
precision agriculture, and diagnostic and quantification methodology, these technologies to date have 
not yet been implemented for routine use in commercial piggeries. There are also currently few data 
available for these measures. Therefore, for the routine evaluation of disease resilience on-farm, the 
infection challenges in the farm environment will rely mostly on animal-based measures of 
medication and performance records.  
Medication treatment records were used in this thesis to demonstrate that contemporary group 
estimates of growth rate appropriately capture infection challenges, as the quality of the environment 
CHAPTER 10 - GENERAL DISCUSSION 
207 
 
decreased with an increase in the incidence of medication. The medication treatment records used to 
infer the level of infection challenges assumes that there were sufficient symptoms observed so as to 
require treatment. This may not always be the case because there may be pigs in the herd that are able 
to cope with infection challenges without showing any clinical symptoms or reduction in 
performance. Despite the reliance on the producer or veterinarian to correctly identify the health issue 
at hand, medication records are a readily-available on-farm resource that can provide information 
about the infection challenges that a herd may be experiencing. It is recommended that medication 
records be further investigated to provide information on infection challenges, since there are 
generally sufficient records available and are moderately informative about the specific infection 
challenges experienced by a herd. 
There were some considerations with the use of on-farm medication records. Health events 
must be classified consistently and with sufficient detail. Further, for the genetic evaluation of disease 
resilience, these medication treatment records must align with pedigree and performance records. 
This is an important aspect as accurate identification of animals and their performance records are 
the necessary foundation for progression in selection for quantitative traits (Van Vleck et al. 1987). 
In order to increase alignment of medication, pedigree and performance records, individual electronic 
identification of animals and methods to electronically record medication treatments should be used. 
Staff who are responsible for diagnosis and recording of health events should be trained in a consistent 
manner, and medication reasons can be streamlined by providing tick-box options of the most 
prevalent health issues. The electronic recording of medication treatments will then provide a health 
database, which will then also provide other opportunities for the genetic improvement of health 
(further discussed in Section 10.5 The genetic improvement of health of the growing pig). 
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Separating the known from the unknown challenges: accounting for climatic effects 
It was postulated in this thesis that the challenges captured in contemporary group estimates can be 
separated. The first approach in Chapter 7 relied on specific climatic data, while the second approach 
in Chapter 8 utilised time series methodology. Both approaches provided information about the 
biological consequences of climatic effects on performance, and how climatic effects can vary across 
herds. However, Chapter 9 showed that the separation of climatic effects from other challenges 
captured by contemporary group estimates of growth did not provide a finer definition of only the 
infection challenges in the environment. The strongest linear relationship with frequency of 
medication was with the overall environmental descriptor that encompassed all challenges 
(unadjusted for any climatic effects and also not seasonally decomposed). This further supports a 
systems approach for the genetic improvement of health and welfare. The selection for maintenance 
of health and productivity should in response to a wide range of challenges, and not only a specific 
infection challenge.  
In spite of this, the separation of challenges provides useful information for farm management, 
veterinarians, and also for genetic evaluation. The spline methodology used in Chapter 7 can allow 
computation of herd-specific maximum temperature thresholds, which provide opportunities for 
management to mitigate production loss in extreme temperatures. The long-term environmental trend 
obtained using time series methodology in Chapter 8 can allow management to assess events or 
decisions made at specific time periods, and assessment of risk factors to health events. Time series 
methodology can be further used in the monitoring of health. This thesis highlights the methodology 
that can be applied to routinely collected on-farm data, to further understand a production system and 
hence make management decisions to improve health, production and profitability. 
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10.4 RESPONSE OF GENOTYPES TO VARIATION IN ENVIRONMENTS  
Changes in performance in response to an environmental challenge trajectory were assessed using 
G×E approach. This section firstly discusses why G×E should be accounted for in routine genetic 
evaluations. Then, the models used to evaluate G×E are discussed.  
 
Why account for G×E? 
Genotypes, or sire lines, can differ in their response to variation in the environment. This has obvious 
implications for the selection of the most suitable line for the relevant production environment, as 
well as implications for the selection of lines that perform consistently across the trajectory 
(robustness).  When G×E interaction is taken into account, the reliability of sire estimated breeding 
values (EBVs) increases due to the non-additive variance associated with heterosis or genotype by 
genotype interactions (Brown et al. 2009). Interaction is taken into account for multiple traits in the 
routine genetic evaluation of sheep (through sire×flock-year in MERINOSELECT and LAMBPLAN 
(Brown et al. 2011)) and cattle (through sire×herd in BREEDPLAN (Graser et al. 1999)). In pigs, the 
routine genetic evaluation of pigs is generally within individual herds, and the degree of interaction 
is not large (estimated at ~2% of phenotypic variance of growth for each herd examined in this thesis). 
However, the accuracy of EBVs within the herd will still increase when G×E is considered in the 
model. As differences in environments increase (say across herd evaluation, or if one herd 
experiences extreme environmental conditions across years), the economic importance and 
consequences of G×E also increases (Knap 2005). Therefore G×E should be taken into consideration 
in routine pig genetic evaluations.  
 
 
  
CHAPTER 10 - GENERAL DISCUSSION 
210 
 
Which G×E model for routine evaluations? 
 
"It is in vain to do with more what can be done with less"  
- William of Occam 
 
The multi-trait, interaction and reaction norm models were explored to evaluate G×E in this thesis 
(Table 10-1). While these approaches have been previously compared (for example, de Jong and 
Bijma (2002) and Sae-Lim et al. (2015)), the evaluation of these methods provided in this thesis is 
based on use of the records and data structures available for the two herds evaluated in this thesis 
(Table 10-3). As discussed in Section 10.2, although different phenotypes as environmental descriptor 
varied in their ability to detect G×E, the maximum proportion of interaction that attributed to the 
phenotypic variance of growth was consistent across both herds (~2%), utilising the various G×E 
models. While the alignment of results across the three models suggest that use of either approach is 
appropriate for the evaluation of G×E, the models differ in their practicality and implementation. The 
three models provide varying levels of detail, but the preferred model should have the fewest 
assumptions, yet still be informative and be readily implemented in current genetic evaluation 
systems.  
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Table 10-3. An outline of the models used to evaluate variation in genotype and sire response to 
different environments, the degree of interaction quantified, and the advantages and 
disadvantages of each method in this thesis. 
 
Sire interaction model 
Description Categorical environments, where each sire expresses a specific EBV for each 
environment, as well as an overall EBV for the average environment.  
Degree of 
interaction 
Quantified by Sire×E variance component (
2
ESire ), and proportion of 
phenotypic variability attributed to the term.   
Advantages  Simple interpretation 
 Easily implemented as requires the addition of the interaction term to current 
models 
 Less data structure requirements 
Disadvantages  Loss of information with categorising of continuous environments 
 Can depend on how environments are partitioned, which can be subjective 
Multi-trait approach 
Description The same trait is treated as distinct traits when defined in different environments. 
Genetic correlations between the traits were estimated through Pearson's 
correlations between EBVs, derived through univariate animal models, or 
estimates of additive genetic correlation using bivariate animal models 
Degree of 
interaction 
Estimates of genetic correlations ( ) significantly < 1* indicate the traits are 
genetically distinct traits, and there is re-ranking of animals.  
Advantages  Simple interpretation 
 Easily implemented, with genetic correlations estimated between the most 
extreme environments  
 Less data structure requirements 
Disadvantages  Loss of information with categorising of continuous environments 
 Can depend on how environments are partitioned 
Sire Reaction Norm model 
Description Environmental trajectory is treated as continuous, and each sire receives a unique 
intercept and slope. Homogenous and heterogeneous residual variances are 
accounted for  
Degree of 
interaction 
Quantified by the estimated genetic variation in sire slopes (
2
bi ). The type of 
interaction (i.e. re-ranking or rescaling) indicated by the covariance between sire 
slopes and sire intercepts (
abˆ ) 
Advantages Uses all information on environments by treating it as a continuous 
Disadvantages  More sensitive to data structure: requires good represented in a wide enough 
range of environments 
 More complex residual structures  
* G×E of biological significance < 0.8 as suggested by Robertson (1959), or < 0.60 as suggested by Mulder et al. (2006) 
 
 
),(
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Reaction norm models can be seen as the most sophisticated of the three models as they maintain the 
integrity of the continuous environmental trajectory. However, reaction norm models have the largest 
requirements in terms of appropriate data structure (Calus et al. 2004) and number of records in order 
to obtain unbiased variance estimates for reaction norm slopes (Knap & Su 2008; Kause 2011; 
Doeschl-Wilson et al. 2012). The extra complexity with reaction norm models was demonstrated in 
Chapter 6, where there were issues with convergence, and more stringent restrictions were placed on 
the range of environments that sires were represented in for the estimation of variances. This 
methodology is also limited to larger herds as a production system may not be large enough to meet 
data structure requirements, and may be a reason why reaction norm models have been scarcely used 
to describe pig production (Rauw & Gomez-Raya 2015). Therefore reaction norm models are the 
least appealing model for the analysis of G×E in current genetic evaluation systems.  
The multi-trait model involves partition of environments, then bivariate analysis of the trait(s) 
in the most extreme environments. The genetic correlation estimates between environments provides 
an indication of the degree of interaction. For accurate estimates of genetic correlation, Bijma and 
Bastiaansen (2014) recommend a minimum of 100 families with 50 offspring per family per 
environment. This means that the multi-trait approach requires good data structure and large family 
sizes, which limits its use for within-herd evaluations for smaller herds. Meanwhile, sire interaction 
models can be relatively easily implemented in current genetic evaluation systems as it only involves 
partitioning of environments, then the addition of an interaction term in the models used to evaluate 
the trait(s). While the interaction approach still requires good data structure, and sires need to be 
sufficiently represented across the different environments in order to find significant G×E, the 
interaction approach is more robust to and does not appear to have as stringent data structure 
requirements. Since sire interaction models are the most easily integrated into current genetic 
evaluation systems, this approach is recommended as the model to be implemented to take into 
account G×E.   
CHAPTER 10 - GENERAL DISCUSSION 
213 
 
10.5 THE GENETIC IMPROVEMENT OF HEALTH OF THE GROWING PIG  
Two health traits were defined in this thesis: disease resilience and health defined by medication 
status. Both have the potential to contribute to the genetic improvement of health of the growing pig. 
Although disease resilience per se could not be evaluated on the herd investigated due to the low level 
of infection challenges experienced by the herd, this thesis shows the methodology that could be used 
to select for both generalised robustness and generalised disease resilience. For the evaluation of 
robustness using the multi-trait approach and sire interaction model, selection can be for the sires that 
have lowest standard deviation of EBVs in the different environments. Alternatively, the ‘flattest’ 
regression coefficient (i.e. closest to zero) for EBVs fitted across environments may also be used. 
Meanwhile, for the evaluation of disease resilience, selection can be on the basis of the most 
favourable EBV in the most challenging environments. While this thesis demonstrated a methodology 
to utilise routinely collected on-farm records to firstly quantify the environment and also to evaluate 
the robustness and resilience, these are two-dimensional traits that have specific data structure 
requirements and also require sufficient levels of infection challenge. This may not always be 
possible, especially in smaller higher-health herds. Therefore, the genetic improvement of health of 
the growing pig through disease resilience may not always be possible.   
 The necessity to have a range of infection challenge to evaluate disease resilience means that 
there may be limited ability to select for disease resilience in high-health herds. Alternative definitions 
of disease resilience should be explored, such as the ecological definition of disease resilience 
outlined in Chapter 3 and Section 10.1 in this general discussion. With this ecological definition, the 
time taken to recover and return to original status after a challenge is assessed. Weaning has been 
identified as an ideal challenge as it can be assessed early in life (Colditz & Hine 2016). The status 
of an animal and then the change in status after the weaning challenge can be quantified by measuring 
weight at weaning (conventionally at four weeks). then also at five weeks (Hermesch & Luxford 
2018). Alternatively, passive and non-specific immune parameters, such as white blood cell counts 
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and haemoglobin, may be used as early selection criteria for disease resilience. These traits have been 
found to be heritable in weaner pigs at five weeks of age (Hermesch & Luxford 2018). While immune 
competence is known to be under genetic control (Clapperton et al. 2008; Clapperton et al. 2009; 
Flori et al. 2011), there is still limited information on genetic parameters for immune traits in the pig, 
and the existing investigations exploring these traits have been limited to small sample numbers. 
Further studies are required to verify genetic parameter estimates for these traits, including white 
blood cell counts and haemoglobin as potential indicator traits for disease resilience.  
An alternative method to select for good health is by deriving a health trait from medication 
status, as demonstrated in Chapter 9 of this thesis. This also provides a direct measure of health, 
which can be evaluated using routinely collected records. There is potential for the genetic 
improvement of health defined this way, as genetic variability was exhibited even in a high-health 
herd. This trait should be further explored in other herds with different health statuses, and can be 
further extended for the improvement of health in sows.  
The use of health data routinely collected on-farm provides a practical and efficient way to 
measure health. This relies on the ability of staff to recognise the health event, and so staff must be 
appropriately trained or health conditions should be verified by a veterinarian or pathologist. If more 
health conditions are more specifically identified, selection for good health can be targeted at specific 
health challenges. There is also potential to use health data routinely recorded in abattoirs, as the 
carcase may reveal health conditions that may not be observable on the live animal. Mathur et al. 
(2018) used health inspection data from a pig abattoir to estimate the prevalence, and also genetic 
parameters, of specific health events. Logistic regression models were used, similar to that used to 
derive the health trait in Chapter 9 of this thesis (Guy et al. 2018), and where heritability estimates 
ranged from 0.09 ± 0.02 for pleuritis to 0.24 ± 0.03 for liver lesions. This demonstrates the use of 
health data routinely collected in abattoirs for the genetic improvement of pigs. Every carcase on the 
slaughter floor is inspected to minimise the risk of diseased carcases entering the human food chain, 
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and provided that carcases can be aligned with on-farm animal identification systems, there is 
potential for these data to be used for the genetic evaluation of health. In addition to this, health 
information can be used as a monitoring tool for diseases. This will also enable producers to assess 
and improve current management practices, and enhance their production systems to maximise health 
and also profitability. In order to do this, pig breeders should have access to feedback on carcase 
information for the progeny of their breeding stock. This is more feasible if individual pigs are 
electronically identified, and data are electronically recorded to enable flow of data across database 
systems from abattoir to farm production records.  
 
The association between health and growth in the pig 
Several reviews have claimed that selection for productivity alone has been detrimental to health of 
the pig, and impacted the ability of pigs to cope with challenges (Prunier et al. 2010; Rauw & Gomez-
Raya 2015). While health should be included as a breeding objective trait in pig breeding programs 
to ensure optimum health and welfare of the pig, the claim of poorer health as a result of selection for 
high productivity is questioned. It can be argued that a biological system will simply not function if 
the physiological and immunological mechanisms responsible for health functions are placed under 
too much pressure: muscle deposition and weight gain simply will not occur. The findings from this 
thesis are further discussed here to explore the association between health and growth in the pig, on 
a phenotypic, environmental and genetic level.  
Growth and health was defined using the performance and medication records from Herd 1 
examined in this thesis (Chapters 4, 7, 8 and 9). Growth was defined as the average daily gain (ADG), 
from finishing pigs at an average end weight of 90 kg and age of 128 days (Chapter 7, Guy et al. 
(2017)). Health was defined as medication status, with 0 as not medicated (good health) and 1 as 
medicated (poor health) (Chapter 9, Guy et al. (2018)). The association between ADG and health was 
explored on three levels: 1) phenotypically, using a multiple regression model for ADG, with 
CHAPTER 10 - GENERAL DISCUSSION 
216 
 
predictor variables of sex, health status, numbers born alive in the litter, season and birth-month 
contemporary group; 2) environmentally, where the Pearson’s correlation was calculated between the 
frequency of medication and the environment, which was quantified through contemporary group 
estimates of ADG (reported in Chapter 9, Guy et al. (2017)); and 3) genetically, using a bivariate sire 
model with the relevant fixed and random effects for each trait reported in Chapters 7 and 9 of this 
thesis (with residual and contemporary group covariances fixed to zero).  
Medication status was a significant predictor of ADG (p < 0.001), where healthy, non-
medicated pigs grew 27 g/day more than the medicated pigs (Figure 10-A). This association was also 
found in an alternative model explored in Chapter 9 (Guy et al. 2018), where a 10 g/day increase in 
growth estimated breeding values (EBV) decreased the odds of medication by 8%. This suggests that 
healthier pigs grow better on a phenotypic level.   
 
Figure 10. The relationship between average daily gain (ADG) and health (defined by 
medication status, where 0 = not medicated and 1 = medicated) on a phenotypic (A), 
environmental (B) and genetic (C) level. 
 
The Pearson’s correlation between the growth environment and frequency of medication was   -0.29 
(p = 0.08) (Figure 10-B). While this only provides marginal evidence that better growth environments 
result in better health, this result is expected as animals in good environments are anticipated to 
express their true growth potential. Therefore, the environment of the pig must continuously be 
monitored to ensure it is optimum for growth.  
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From the bivariate sire models, heritability was estimated at 0.18 ± 0.04 (± SE) for ADG and 
0.05 ± 0.05 for health. The genetic correlation between ADG and health was estimated at 0.26± 0.34 
(Figure 10-C). While more data are required to more accurately estimate this genetic relationship, 
this preliminary estimate suggests that growth and health in the pig might not genetically linked.  
Both positive and negative genetic correlation estimates of moderate strength were found 
between health events and various growth traits in dairy cattle by Brotherstone et al. (2007). The 
inconsistency in direction of these correlations suggests that the association between growth and 
health is dependent on the type of health challenge. Similar studies have not been undertaken in pigs. 
Productivity has only been examined with various robustness traits and not direct measures of health 
(reviewed by Hermesch et al. (2015a)). For example, low residual feed intake selection lines have 
been found to be less environmentally sensitive than less-efficient high residual feed intake lines 
(Gilbert et al. 2014). However, more feed efficient lines have also been found to be more sensitive to 
heat stress (Renaudeau et al. 2013). This again demonstrates that the association between productivity 
and environmental and/or health stressors may be stressor dependent. In order to more accurately 
assess the association between health and productivity of the pig, more specific measures of health 
should be evaluated. Both growth and health, defined through medication status, were found to exhibit 
genetic variation. Therefore, health should be included as a breeding objective trait in pig breeding 
programs, without fitting a genetic association with growth until sufficient data are available for re-
evaluation of the genetic association between growth and health.  
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10.6 APPLICATION OF RESEARCH TO INDUSTRY AND RECOMMENDATIONS  
This section outlines the research implications for pig breeding programs, and the recommendations 
following the results from this thesis.  
Selection for productivity alone is not enough, and good health should be incorporated into 
breeding objectives. The genetic improvement of health of the growing pig can be achieved through 
selection for disease resilience or health defined through medication status. Disease resilience can be 
measured using routinely collected production records, provided there is a sufficient range in 
infection challenges present. This has implications for the pigs recorded for performance. The weights 
of sick pigs should also be recorded and included in genetic evaluations for health since this provides 
measures of performance during a known health challenge, which can then be used for the evaluation 
of disease resilience.  
A simple heath trait can be derived using farm medication records. Genetic variation was 
evident, even in a high-health herd. However, genetic parameters for health were associated with high 
standard errors due to insufficient data or prevalence of medication. More accurate genetic parameters 
for health can be obtained with the implementation of an electronic health recording system, where 
data entry is not a separate process. Further, since there are consistently more prevalent reasons for 
which medication is given, tick box options for categories of medication records would increase ease 
of recording, streamline the reasons for medication, and reduce errors in data entry. This highlights 
the potential benefits of an electronic health database, where a farm's health status can be easily 
characterised, and there may be a possibility of selection for multiple health traits.  
Accurate identification of animals and their performance records are the necessary foundation 
for progression in breeding programs. With the multiple recording systems used for performance, 
medication and death records, it can be challenging to track individual pigs across the different 
recording systems. The electronic identification of pigs and the electronic recording of information 
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could avoid errors that occur during data entry, and could greatly help streamline the process of 
combining information across all recording systems. 
Contemporary group estimates based on performance and feed efficiency traits provide a simple 
and practical way to quantify the environment using standard performance records collected on farm. 
Variation in environments was evident even within herds of high-health status. This firstly provides 
opportunities to improve the environment. The economic consequences of variation in the 
environment can be calculated by weighting traits used with their respective economic values (for 
example, Hermesch et al. (2015c)). This puts a dollar value to providing optimum environmental 
conditions to pigs with favourable effects on productivity and welfare of pigs. It also provides further 
incentives for producers to improve the environments since this environmental index is expressed in 
$/pig. 
Combining environmental variables into an overall environment index may capture different 
aspects of the production environment better. However, growth rate appears to be the trait that 
captures the most environmental variation, highlighting the importance of sufficient, and accurate, 
weight records. Additional weight measures can allow better characterisation of the growth trajectory 
of individual pigs. If these measures are taken during challenges that occur in routine production, 
such as weaning or changing of pens, these measures may be used to evaluate the overall robustness 
of pigs to challenges. Feed intake was another trait that showed considerable environmental variation, 
and could be used to monitor environmental conditions and health status if the facilities are available 
to record this information.  
Contemporary groups should be defined to reflect the production environment as closely as 
possible. In order to better define contemporary groups, ideally the pens that pigs are kept in should 
be recorded, along with any movement of pigs in the different pens. This will allow for better 
descriptions of the specific environments that the pigs are in, and also can allow for exploration of 
indirect social genetic effects (social interactions genetically affecting traits of pen mates). This may 
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also allow for examination of within-shed effects, since there are specific micro-environments within 
a shed ((Hermesch et al. 2015b) ).  
Genetic models developed in this study allow evaluation of genotype by environment 
interaction, using contemporary group estimates as environmental descriptor. Sire by environment 
interaction models and multi-trait models provide simple methodologies that can be used to evaluate 
the extent of genotype by environment interaction. This can allow selection of sires so that their 
progeny are allocated to the environments best suited to them. The genetic models developed in this 
thesis can also be applied to alternative traits, and can be adjusted easily for big systematic effects on 
an individual farm basis. Evaluating the variation in response between selection lines can be extended 
to use in more complex random regression models. However, good data structure and appropriate 
representation of sires in different environments are needed for accurate estimates.  
 
CONCLUSIONS 
It is currently not possible to quantify disease tolerance using routinely collected on-farm records 
since measures of internal pathogen load are required. If there are sufficient infection challenges 
present in the environment, there are opportunities to select for good health through disease resilience 
since infection challenges in the environment are captured in contemporary group estimates of 
growth. Selection for good health can also be achieved through a health trait defined by medication 
status. Health defined in this way exhibited genetic variability, even in a high-health herd. Therefore, 
there are opportunities to use routinely collected on-farm records for the genetic improvement in not 
only productivity, but also for health in the growing pig.   
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Introduction 
The majority of Australian piggeries rely on antibiotics classified as ‘low' importance in human 
medicine (Jordan et al., 2009). However, there is evidence of antimicrobial resistance to pathogens 
sampled in pig carcases that are of significant importance to human health, such as Escherichia coli 
(Smith et al., 2010). With increasing consumer awareness of medicine use and pressure for more 
welfare-friendly approaches in agriculture, pig breeders are faced with finding alternative strategies 
for production.  
The environment of the pig may be a determinant of disease manifestation, and although its 
control to meet pig requirements improves production and reduces stress (Black et al., 2001), it may 
neither be economically feasible nor necessarily possible in all circumstances. For example, 
biosecurity practices and controlling environmental factors have their limitations once a disease 
outbreak has occurred on a farm. Pigs selected in high-health environments usually observed in 
nucleus herds may not perform as well in the more challenging environments possibly observed on 
commercial farms.  
One strategy to maintain health is to improve response to pathogens, through blocking entry 
and infection, or minimising the effects of infection. That is, selection for the host defence 
mechanisms of disease resistance or tolerance.  
Disease resistance has been well research and characterised in animal breeding, but there has 
been little focus on disease tolerance. One of the first examples of disease tolerance that the authors 
are aware of that recognises genetic differences in disease tolerance in animal breeding, although not 
termed tolerance as such, is by Atkins and Mortimer (1989), who use reaction norms to find 
differences in the response of sheep flocks for varying incidence of fleece rot and body strike. Råberg 
et al. (2009) discussed the implications of disease tolerance in animals, and although examples were 
predominantly based on mouse populations in laboratory experiments, the methodology outlined for 
animal breeding applications is useful. 
At present, the open access peer-reviewed journal Frontiers in Livestock Genomics is in the 
progress of publishing a special research topic to discuss genetic improvement in host resistance or 
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tolerance to infectious disease. This research topic is a compilation of papers discussing different 
aspects of disease resistance and tolerance, one of which is a literature review the authors conducted 
on disease resistance and tolerance in pig breeding (Guy et al., 2012). This workshop paper highlights 
the main findings of our literature review on the selection of resistance and tolerance, and it’s 
relevance to pig breeding.  
 
Resistance  
Disease resistance can be defined as the active reduction of pathogen burden or prevalence by 
inhibiting infection and reducing pathogen growth rate (Best et al., 2008). Resistance has generally 
been used when discussing aspects of genetic improvement of the health status of pigs (Rothschild, 
1998; Doeschl-Wilson et al., 2009). An example of host resistance in pigs is the genetic control of 
disease susceptibility against the bacteria E.coli. The absence of a particular allele for adhesion factor 
receptors in the host gut avoids binding of various E. coli strains, hence inhibiting infection (Gibbons 
et al., 1977). More recently, the genomic regions associated with Porcine Reproductive and 
Respiratory Syndrome (PRRS) resistance have been identified (Boddicker et al., 2012).  
It can be argued that mechanisms of host disease resistance exert a selective pressure on the 
pathogen, resulting in an increase in virulence. This may increase the need for the continual 
development of new medical products to eliminate the more virulent pathogens. The risk of pathogens 
evolving to overcome this genetic strategy of the host may be reduced if more than one resistance 
gene is selected for (Bishop and MacKenzie, 2003).  
Selection for resistance can also be seen to have negative feedback on the resistant-allele 
frequency in a population, as the reduction in pathogen prevalence also reduces the fitness advantage 
of carrying resistance alleles (Råberg et al., 2007). This loss of advantage may limit the success of 
selection for resistance, and simulations have shown that selection for resistance results in sustained 
polymorphisms instead of fixation of resistant alleles in the host (Miller et al., 2005; Best et al., 2008).   
 
Tolerance 
Tolerance can be defined as the ability to limit the detrimental impact caused by a pathogen by 
counteracting the damage (Råberg et al., 2007). A more tolerant pig will therefore be more able to 
maintain productivity than a non-tolerant pig, despite increasing pathogenic burden. Genetic 
differences for tolerance in pigs were demonstrated by Potter et al. (2012) when average daily gain 
declined more strongly with increasing viral serum levels for purebred Duroc than synthetic White 
Pietrain pigs, although it was not termed as ‘tolerance’. 
Tolerance may be achieved by either ameliorating the damage caused by the pathogen directly 
(e.g. replacement of damaged red blood cells through induced erythropoiesis for infection of 
haemolytic pathogen), or the damage caused by the host’s immune response (e.g. immunopathology 
caused by inflammation) (Medzhitov et al., 2012).  
It can be argued that the main way that tolerance differs from resistance is the lack of interaction 
between host and pathogen. Since there is no impact on pathogen prevalence, selection for tolerance 
imposes a positive feedback system within the host, which may increase pathogen prevalence and 
therefore place additional positive selective pressure on tolerance alleles (Miller et al., 2005). The 
fitness advantage of tolerant genes increases with incidence of infection, driving tolerance alleles to 
fixation (Roy and Kirchner, 2000). Also, since there is no direct effect on the pathogen and therefore 
no direct selective pressure, a commensalism relationship between host and pathogen may eventuate, 
where the pathogen benefits but the host is neither harmed nor benefited (Miller et al., 2006). This is 
provided that the host can tolerate the pathogen damage up to a certain level of pathogen load. 
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Since there is no adverse effect on pathogen prevalence, integrating tolerance into a breeding 
objective has an element of difficulty due to possible consequences on herd health. Selection for 
tolerance allows animals to be a source of infection for susceptible animals and may result in an 
increase in transmission of infection. A selection program for disease tolerance without resistance 
may have immunological consequences for the neonatal pig, which are born immunologically naïve 
(Blecha, 1998). Selection for tolerance, and the possibility of an increase in transmission of infection, 
may increase piglet mortality.  
Breeding for tolerant pigs should therefore be part of an integrated health herd program (Lewis 
et al., 2007) that encompass control of pathogen load and other environmental factors, such as air 
quality, climatic conditions in sheds, and biosecurity measures. This approach should be employed 
not only on one farm, but across an entire industry (Lewis et al., 2007), with appropriate surveillance 
programs, such as abattoir health monitoring. 
To further understand mechanisms of tolerance, non-pathogenic interactions including non-
reactivity to antigens such as intestinal flora, may be examined. Medzhitov et al. (2012) argue that 
general tolerance mechanisms should result in positive preconditioning, and tolerance mechanisms 
activated against one pathogen would increase tolerance to another unrelated pathogen.  
 
Resilience  
In ecological literature, the outcome of a resistant and/or tolerant individual examined is fitness 
(reproductive capability) and survival (Baucom and de Roode, 2011), whilst in an animal production 
context the response can also include productivity and health. It is important to recognise this as the 
inclusion of breeding for tolerance must also be economically viable, with improved productivity as 
the aim. This leads us to the term resilience. Resilience is the maintenance of productivity, 
irrespective of pathogen burden (Albers et al., 1987), which makes use of the mechanisms of both 
resistance and tolerance (Bisset and Morris, 1996). Compared to tolerance, which is considers 
pathogen burden within the animal, resilience looks at the infection level within the environment. 
Also, resilience is measured at one specific level of pathogen burden, with tolerance over a varying 
load of pathogen burden.  
Breeding for resilience to nematode infection has been explored in sheep (Albers et al., 1987; 
Bisset and Morris, 1996; Gray, 1997). The inclusion of resilience in a productivity index was trialled 
with six New Zealand ram breeders, and although progress was slow due to low heritability, it was 
found to be practical and feasible (Morris et al., 2004). Recently, Morris et al. (2010) showed that 
selection for more resilient lines can delay the time until first drench, increase live weight at six 
months, and decrease breech soiling. These results demonstrate that it may be possible to select for 
both productivity and improved health status.  
 
Measuring resistance and tolerance 
For optimal benefit to the pork industry, we are focusing on using data that may be routinely collected, 
instead of relying on measurements taken from laboratory experiments. Modelling is a proven tool to 
better understand the complex interactions between host response and influencing factors, and to 
quantify the benefits of selection (Bishop, 2011).  
The simplest graphical representation of resistance and tolerance is by a linear regression 
model, commonly known in animal breeding as a reaction norm. Reaction norms show the regression 
of phenotype against increasing pathogen burden of a single species, with separate slopes and 
intercepts for each genotype. A pig genotype can be tolerant and non-resistant, resistant and non-
tolerant, or tolerant and resistant. This is shown in Figure 1 as genotypes G1, G2, and G3, 
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respectively. It should be noted that this is an outline of the concept, and the actual levels of 
performance or health of resistant versus tolerant pigs for a given pathogen burden will depend on 
the specifics of each situation.  
 
 
Figure 1. The common portrayal of phenotypic responses of genotypes with a single predictor 
variable of pathogen burden. The three genotypes represented here are tolerant and non- 
resistant (G1), resistant and non-tolerant (G2), and resistant and tolerant (G3). 
 
Resistance is typically measured as the inverse of the maximum pathogen burden observed for a 
genotype. 
1
[max(𝑝𝑎𝑡ℎ𝑜𝑔𝑒𝑛 𝑏𝑢𝑟𝑑𝑒𝑛)]
 
 
A pig with a larger number of pathogens will therefore have lower disease resistance. Measures that 
indicate level of pathogen burden are often considered as indicators of resistance. This would include, 
for example, faecal egg count for nematodes in sheep breeding (Albers et al., 1987). A fully resistant 
pig is one that successfully blocks pathogen entry or eliminates the pathogen, and there is no disease 
beyond an arbitrary threshold. In Figure 1, since genotypes G2 and G3 exhibit a lower pathogen 
burden than genotype G1, G2 and G3 are said to be more resistant than G1.  
Tolerance may be measured as the slope of a regression of a host’s response to variation in pathogen 
burden (Råberg et al., 2009), with the response based on performance measures, health status and 
survival of pigs. A fully tolerant pig is one whose phenotype is not affected by the level of pathogen 
burden. In Figure 1, genotypes G1 and G3 are fully tolerant. G2 is said to be less tolerant than the 
other genotypes due to the decline in phenotype with increasing pathogen burden.  
 
The following is an outline of the specific pig measurements for phenotype and pathogen 
burden, which can be collected on farm in order to assess the resistance or tolerance.  
 
1. Outcome/response variable: Phenotype 
The outcome variable in the y-axis (also known as the response) is a measure of health or production 
status. An indirect indicator of animal health is through performance measures routinely collected in 
piggeries. Healthy phenotype indicators include average daily gain, litter size, post weaning survival 
and mortality. Growth rate may be an accurate indicator of health status in pig herds as it may decrease 
when pigs become infected, even when there are no visible signs of disease (i.e. subclinical disease). 
A simple yes/no or severity scale of disease infection (none, mild, severe) may not be sufficient due 
to subclinical disease.  
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Another indirect indicator of animal health is measurement of immune responsiveness. 
Although immunological traits have been found to be associated with pig performance (Clapperton 
et al., 2009) and have been used as an indicator of disease resistance, higher levels of immune 
response may not necessarily lead to or indicate improved resistance (Adamo, 2004). Different types 
of pathogens may elicit a different strength in response varying in time, space and type. The variable 
immune response of the pig to different pathogenic challenges was highlighted by Salak-Johnson and 
McGlone (2007). Therefore, the type of immune response should be analysed critically before 
attempting to measure resistance and/or tolerance. 
 
2. Predictor variable: Pathogen Load 
The ideal predictor variable is a specific measure of internal pathogen load in the pig, which may 
involve blood samples to quantify viremia or bacteria load. However, if routinely collected on-farm 
data are to be utilised, and not measures collected under experimental conditions, an indirect measure 
(or proxy) of pathogen load may need to be defined. For example, if a link between pathogen load 
and, for example, level of medication, performance or survival rate is established, these can be used 
as a proxy for pathogen load. This approach was used by Lewis et al. (2009), who used on-farm 
records of reproductive performance to identify when a PRRS infection occurred on farm. 
 
2.1 The environment 
In perfectly designed laboratory experiments of resistance and tolerance, the environment of the pig 
is assumed to be constant between and within all genotypes. However, if we wanted to incorporate 
resistance and/or tolerance in breeding objectives using on-farm data, this may not always the case. 
We therefore also need descriptors of the environment. These may include fluctuations in 
temperature, humidity, changes in social dynamics, air quality, and stocking density. Just as with 
pathogen load, on-farm measures of non-disease environmental factors may only be feasible for 
groups of pigs and not at an individual level. An overall pig farm health index, including health 
indicators, farm hygiene and reproductive disturbances, can also be utilised to describe the 
environment, as proposed by Madec et al. (1993). 
 
2.2 Genetic information 
Genetic information can also be taken into account for analysis, including breeds, sires lines, other 
categories or families, or full pedigree structure. This may be extended to include genomic 
information as trait predictors. At one level, marker information may be used for QTL mapping, and 
once these genomic regions are identified, a subset of markers can be used as a panel for marker 
assisted selection. At the other end of the spectrum, complete genomic SNP information may be used 
to develop a genomic selection approach. Such strategies have been put forward for host response to 
PRRS by Boddicker et al. (2012). 
 
In Summary 
Whilst most of the research focus in animal breeding has been on resistance, the difference to 
tolerance needs to be recognised due to consequences on pathogen-host interactions. The ability to 
quantify resistance and tolerance may be restrained by the lack of knowledge on the specific 
immunological and physiological response mechanisms of these two host defence strategies. There 
is a need to extend data collection on farm in order to assess disease resistance and tolerance, which 
may include not only descriptors of pathogen load, but also descriptors of the environment, as well 
as any possible interactions.  
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The pig environment can be quantified through the mean performance of a contemporary group (CG), 
adjusted for systematic and genetic effects (Li & Hermesch 2015). The objective of this study was to 
use time series analysis to decompose CG estimates into the seasonal, long-term trend and residual 
components generally observed in time series data. It was hypothesised that seasonal effects can be 
partitioned from the other environmental challenges that are simultaneously captured in CG estimates 
of average daily gain. 
Production records from 1999 to 2013 were available from a commercial herd of Large White 
pigs located in QLD, Australia (n = 31,230). Body weight averaged 90.9 ± 9.9 kg (mean ± SD), 
measured at an average age of 127.9 ± 5.1 days. Defined by birth month, there were 167 CGs with an 
average size of 187 pigs. Using ASReml (Gilmour et al. 2009), CG estimates for average daily gain 
were derived using linear mixed models, fitting sex as a fixed effect, and additive genetic effect, CG 
and common litter environment as random effects. An additional model was evaluated to account for 
minimum monthly temperatures of test month (MinT; data from www.bom.gov.au) using splines 
(model described in Guy et al. (2017)). The CG estimates from each model were decomposed using 
the 'stl' function in R (R, Version 3.3.2; Austria). 
The CG estimates ranged from -67 to +55 g/day, and -52.0 to +37.9 g/day when adjusted for 
MinT. Figure 1 shows these estimates decomposed into seasonal, trend and residual components. The 
seasonal contribution accounted for between -26 to +21 g/day. Pigs born in April were born in the 
best growing environment, while October was the most challenging environment. Even though the 
CG estimates adjusted for MinT had a smaller range than unadjusted estimates, a seasonal component 
was still extracted, ranging from -11.9 to +10.5 g/day. This demonstrates that temperature, 
represented by MinT, accounts for some, but not all, seasonality for this QLD herd. However, this is 
may vary depending on herd location. 
 
APPENDIX 
233 
 
 
Figure 1. Contemporary group (CG) estimates (– unadjusted and --- adjusted for minimum 
monthly temperatures), decomposed into seasonal, trend and residual components using time 
series analysis. 
 
The trend component ranged from -19 to +14 g/day, and described the gradual changes in 
environmental conditions over time. The residual component ranged from -33 to + 33 g/day, and can 
be interpreted as irregular, short-term perturbations. Although there is possible confounding, the trend 
and residual components together can be seen as a measure of environmental challenges other than 
seasonal effects, including infection challenges. While decomposition may depend on parameter 
choice, different model parameters were explored and produced similar results. Therefore, 
decomposing environmental variability through time series analysis indicates that selection for 
improved robustness is partly for improved response to seasonal fluctuations, and partly for other 
environmental challenges, which may need to be considered separately for genetic improvement of 
traits such as disease resilience. 
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Summary 
The objective of this study was to estimate genetic parameters for health of the growing pig. Pedigree, 
production and medication records were available for an Australian herd of Large White pigs, which 
had 812 growing pigs medicated between 2011 and 2016. The number of pigs in the herd was 
quantified through birth-month contemporary groups using two pedigrees – a reduced pedigree based 
on available performance records, and a full pedigree, constructed using numbers weaned per litter. 
Since the full pedigree provides a more precise measure of the number of pigs on-farm, the estimated 
medication prevalence of 2.2% using the full pedigree is more accurate than the 7.5% estimate using 
the reduced pedigree. There were minimal pathogenic challenges described in the reasons for 
medication, and so the herd can be classified as high-health. Genetic parameters for health, which 
was defined as a binary trait of medicated (case) or not medicated (control), were estimated using the 
reduced and full pedigree. Significant fixed effects included sex (2 levels; reduced pedigree only) and 
linear covariate of number of post-weaning deaths in the litter. In this herd, male pigs from litters 
with a higher number of post-weaning deaths were more likely to be medicated. Genetic parameter 
estimates were fairly consistent using either pedigree, with heritability estimated at 0.06 ± 0.04 (± SE) 
using the reduced pedigree, and 0.04 ± 0.03 using the full pedigree. Therefore, the reduced pedigree 
available from performance recording may be sufficient to derive genetic parameter estimates for 
health. Further, animals with higher estimated breeding values for growth were less likely to be 
medicated, which supports the use of growth as an indirect indicator for health. This study highlights 
the use of on-farm medication records to provide insight into the health status of a herd, and its 
potential use for the genetic improvement of health in growing pigs. 
Keywords: disease, welfare 
 
Introduction  
Although pig breeding programs have been successful in increasing growth rate and reducing backfat, 
selection for productivity alone has impacted on the ability of pigs to cope with challenges (Prunier 
et al. 2010). Consequently, selection for pigs that also respond appropriately to challenges has become 
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an important issue for breeding programs (Hermesch et al. 2015). Selection for health will not only 
produce healthier pigs, but also reduce the risk of antibiotic resistance, reduce on-farm costs and 
increase farm profitability.  
Medication records are routinely collected in most Australian piggeries as they are required for 
quality assurance programs, and provide insight into the health status of a herd. Therefore, the 
objective of this study was to use on-farm medication records to estimate genetic parameters for 
health of the growing pig. 
 
Materials and methods  
Medication records were available between January 2011 and March 2016 from the University of 
Queensland piggery in Gatton, Queensland, Australia. Information included the date of medication, 
pig identification (ID), medication(s) used, dose, and reason(s) for treatment. There were 812 pigs 
that were born between October 2010 and March 2016, and medicated at some point between weaning 
to finishing phase.  
The number of animals in the herd each month was quantified through birth-month 
contemporary groups, using two pedigrees. A reduced pedigree was based on performance recording, 
where there were on average 3.3 animals per litter and roughly equal numbers of male and female 
pigs. This reduced pedigree contained 8,835 pigs, with an average birth-month contemporary group 
size of 134 pigs. A full pedigree was constructed using additional information on the number of pigs 
weaned in each litter, which included a record for all siblings in the litter. This resulted in a total of 
22,164 pigs, with an average birth-month contemporary group size of 339 pigs. Any pig in the 
pedigree without a medication record was assumed to not have been medicated. The monthly 
prevalence of medication was calculated as the percentage of pigs born each month which were 
medicated at some point during production.  
An overall health trait was developed, defined as a binary trait of medicated (case) or not 
medicated (control). This was analysed as a binomial variable using a generalised linear mixed model, 
which was fitted on a sire level with a logistic link in ASReml (Gilmour et al. 2009). For health 
analysed using the reduced pedigree, significant fixed effects included sex (2 levels) and linear 
covariate of number of post-weaning deaths in the litter. For health analysed using the full pedigree, 
only the number of post-weaning deaths was fitted as a fixed effect since sex could not be inferred. 
Random effects for both traits included sire, common litter effect and birth-month contemporary 
group. The association between medication status and the genetic merit for growth was also explored 
in additional models, with the estimated breeding value (EBV) for growth fitted as a linear covariate 
(derived in Guy et al. (2017)). Mid-parent EBVs were used if the EBV for an individual was not 
available.  
The additive genetic variance was estimated as four times the estimated sire variance. The 
phenotypic variance was calculated as the summation of the sire variance, common litter variance 
and the residual variance (specified as2/3). Heritability and common litter effect were estimated as 
the proportion of the phenotypic variance attributed to the estimated additive genetic variance and 
common litter variance, respectively.  
 
Results and discussion 
The reasons for medication treatment indicate that the dominant health challenge in this herd was due 
to tail bite (n = 480), followed by 'generally unwell' (n = 85), issues involving feet and legs (n = 85), 
and skin conditions (n = 60). All other health challenges were recorded less than 25 times over the 
5.5 year period. While there are complex interdependencies between health challenges, and the 
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'generally unwell' symptoms may have been caused by undiagnosed infectious agents. The incidence 
of disease reported on Australian piggeries have been disease-specific, and the extent of medication 
use to manage these diseases have only been determined by subjective farmer surveys (Jordan et al. 
2009). Nevertheless, since the medication records from this piggery indicate that there were minimal 
pathogenic challenges, this herd can be classified as high-health.  
Using the reduced pedigree, the monthly prevalence of medication was highly positively skewed, and 
ranged from 1.7% to 58.0% of pigs medicated per month, with a median of 7.5%. Since not all pigs 
that were on-farm were taken into account in the reduced pedigree, this medication prevalence is 
overestimated. On the other hand, the monthly prevalence of medication treatments using the full 
pedigree ranged from 0.15% to 10.9%, with a median of 2.2%. This measure of medication 
prevalence did not include the medicated pigs that were not performance recorded, and so may be an 
underestimation. However, since the full pedigree presents a more precise measure of the total 
number of pigs on-farm each month, use of the full pedigree provides a more accurate estimate of 
medication prevalence compared to using the reduced pedigree.  
For the health trait defined by medication status, the estimated intercept was higher using the reduced 
pedigree. This reflects the estimated prevalence using the two pedigrees (Table 1). However, the risk 
factors and their direction were the same. The number of post-weaning deaths increased the odds of 
medication, estimated at 1.20 per death using the reduced pedigree, and 1.38 using the full pedigree. 
That is, in this herd, litters with higher number of post-weaning deaths were more likely to be 
medicated. Using the reduced pedigree, the estimated odds of a female pig being medicated was 0.61 
times compared to a male pig.  
 
Table 1. Fixed effect estimates1 (95% confidence interval, CI) for health defined by medication 
status, derived using a reduced pedigree (Reduced) and full pedigree (Full). 
 Intercept Sex2 Post-weaning deaths 
Reduced 0.11 (CI: 0.08, 0.15) 0.61 (CI: 0.51 , 0.73) 1.20 (CI: 1.04, 1.37) 
Full 0.03 (CI: 0.03, 0.04) - 1.38 (CI: 1.21, 1.57) 
1 reported as odds for intercept, and odds ratios for sex and post-weaning 
2 male as reference level 
 
The genetic parameter estimates were consistent using both pedigrees (Table 2). Heritability on the 
underlying liability scale was estimated at 0.06 ± 0.04 using the reduced pedigree, and 0.04 ± 0.03 
using the full pedigree. Due to the litter having full representation in the pedigree, there was a larger 
common litter effect using the full pedigree, which also reduced the contemporary group variance. 
With a large proportion in variability attributed to the environment of litters and the environment of 
contemporary groups, this indicates that more variation in health is explained by non-genetic effects 
than genetic effects.  
 
Table 2. Genetic parameter estimates1 for health (on the underlying liability scale) defined by 
medication status, derived using a reduced pedigree (Reduced) and full pedigree (Full). 
 2ˆ A  
2ˆ
CG  
2ˆ
P  
2ˆ
  
2hˆ  
2cˆ  
Reduced 0.21 (0.17) 1.03 (0.21) 3.68 (0.19) 3.29 0.06 (0.04) 0.09 (0.03) 
Full 0.17 (0.14) 0.38 (0.10) 4.07 (0.12) 3.29 0.04 (0.03) 0.18 (0.02) 
1 2ˆ
A  = additive genetic variance, 
2ˆ
CG  = contemporary group variance, 
2ˆ
P  = phenotypic variance, 
2ˆ  
= residual variance, 2hˆ  = heritability estimate, 2cˆ  = common litter effect 
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To compare the use of the two pedigrees, the health EBVs of sires that had a minimum of 100 progeny 
were examined. The EBVs from the reduced pedigree and the EBVs from the full pedigree had a 
Pearson’s correlation of 0.74. While this provides an underestimation of the genetic correlation (Calo 
et al. 1973), this indicates that the health trait analysed using the two pedigrees are the same trait. 
Therefore, while use of a full pedigree provides a more accurate estimate of medication prevalence, 
the reduced pedigree available through performance recording may be sufficient to derive genetic 
parameter estimates for health.  
In separate models to evaluate the association between health and the genetic merit for growth, a 10 
g/day increase in the EBV for growth was estimated to decrease the odds of medication by 8% using 
the reduced pedigree (odds ratio = 0.92), and by 4% using the full pedigree (odds ratio = 0.96). This 
indicates that animals with higher EBVs for growth are less likely to be medicated, and which 
supports the use of growth as an indirect indicator for health.  
Health can be defined as a simple binary trait of absence/presence of disease. Health traits of the 
growing pig defined as binary traits through health records have not been widely explored. Henryon 
et al. (2001) defined a health trait of the pig as the time until first treatment and diagnosis of a clinical 
or subclinical disease. With an overall disease prevalence of 24%, heritability for this trait was 
estimated at 0.18 ± 0.05 on the log-frailty scale. In other species, the presence/absence of reported 
health events have been widely used to estimate genetic parameters for health. Examples include 
dairy cattle, where a heritability estimate of 0.02 ± 0.004 was reported for overall disease incidence 
(Abdelsayed et al. 2017). In rabbits, health traits derived from carcase assessment ranged in 
heritability estimates from 0.01 ± 0.002 for digestive syndromes to 0.04 ± 0.004 for infectious 
mortalities (Gunia et al. 2015). Therefore, simple health traits can be derived from medication or 
disease status. These medication records allow for the routine monitoring of health on farms, and 
provides a practical approach for the inclusion of health in breeding objectives. 
 
Conclusions 
This study highlights the use of medication records to provide insight into the health status of a herd, 
and its potential use for the genetic improvement of health in growing pigs. While use of a full 
pedigree provides a more accurate estimate of medication prevalence, the reduced pedigree available 
from performance recording may be sufficient to derive genetic parameter estimates for health.  
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Genetic improvement of multiple production traits is widely achieved in pig breeding. However, there 
have been claims that selection for productivity alone has been detrimental to pig health (Prunier et 
al. 2010). This study aims to explore the phenotypic, environmental and genetic relationships between 
health and growth of the pig.  
Performance records from 1998 to 2013 (n = 31,230) and medication records from 2011 to 2016 
(n = 812) were obtained from a herd of Large White pigs from the University of Queensland piggery 
in Gatton, QLD. Average daily gain (ADG) was calculated when pigs were at the average end weight 
of 90 kg and age of 128 days. A health trait was derived using medication status, with 0 as not 
medicated (good health) and 1 as medicated (poor health) (Guy et al. 2018). The association between 
ADG and health was explored on 3 levels: 1) phenotypically, using multiple regression to model 
ADG, with the predictor variables of sex, health status, numbers born alive in the litter, season and 
birth-month contemporary group; 2) environmentally, using Pearson’s correlation between the 
frequency of medication and the environment, which was quantified through contemporary group 
estimates of ADG (Guy et al. 2017); and 3) genetically, by fitting a bivariate sire model in ASReml 
(Gilmour et al. 2009).  
Medication status was a significant predictor of ADG (p < 0.001), where healthier, non-
medicated pigs grew 27 g/day more than the medicated pigs (Figure 1A). This association was also 
found in an alternative model, where a 10 g/day increase in growth estimated breeding values (EBV) 
decreased the odds of medication by 8% (Guy et al. 2018). This suggests that better health is 
associated with higher growth on a phenotypic level.   
Pearson’s correlation between the growth environment and frequency of medication was -0.29 
(p = 0.08) (Figure 1B). This provides marginal evidence that better growth environments are 
associated with better health, which is expected as animals in good environments are anticipated to 
express their true growth potential.  
Heritability was estimated at 0.18 ± 0.04 (± SE) for ADG and 0.05 ± 0.05 for health. The genetic 
correlation between ADG and health was estimated at 0.26 ± 0.34 (Figure 1C). Both positive and 
negative genetic correlation estimates between health events and various growth traits have been 
reported in dairy cattle (Brotherstone et al. 2007). To the best of our knowledge, there are no similar 
studies available in pigs. There is insufficient data in this study to provide an accurate estimate of 
genetic correlation to determine whether or not growth and health are genetically linked. 
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This study suggests that good growth environments result in positive outcomes for health, 
which will also result in good growth phenotypes. While more data are required to more accurately 
estimate of the genetic relationship between health and growth, health should be included as a 
breeding objective trait in pig breeding programs. 
 
 
Figure 1. The relationship between average daily gain (ADG) and health (defined by medication 
status, where 0 = not medicated and 1 = medicated) on a phenotypic (A), environmental (B) and 
genetic (C) level. 
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